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Abstract

This paper presents a knowledge integration framework to
improve performance in large vocabulary continuous speech
recognition. Two types of knowledge sources, manner
attribute and prosodic structure, are incorporated. For manner
of articulation, six attribute detectors trained with an American
English corpus (WSJO0) are utilized to rescore hypothesized
phones in word lattices obtained by a baseline ASR system.
For the prosodic structure, models trained with an
unsupervised joint prosody labeling and modeling (PLM)
technique using WSJO are used in lattice rescoring.
Experimental results on the American English WSJ word
recognition task of the Nov92 test set show that the proposed
approach significantly outperforms the baseline system that
does not use articulatory and prosodic information. The results
also demonstrate the effectiveness and usefulness of the PLM
technique in constructing prosodic models for American
English ASR.

Index Terms: LVCSR, knowledge-based system, prosody
labeling/modeling, attribute detector

1. Introduction

State-of-the-art automatic speech recognition (ASR) systems
(e.g. [1,2]) are generally implemented with dynamic
programming techniques [3,4] on a top-down integrated finite
state network composed of knowledge sources required for a
task. The performances of those systems mainly rely on
statistical acoustic and language modeling with a large set of
speech and text examples. To further improve performance of
ASR in a knowledge-based approach, several studies on
bottom-up integration using articulatory information have
been reported [5-13]. In [9], scores generated by a bank of 15
speech attribute detectors for manner and place of articulation
were integrated into a lattice rescoring procedure in
continuous phone recognition and domain-independent
connected digit recognition. In [10], lattice rescoring is
extended to large vocabulary continuous speech recognition
(LVCSR). In [9-11], knowledge-based approaches have been
applied for cross-language attribute detection and/or
phone/syllable recognition/verification. Experimental results
shown in [8-17] not only show effectiveness, but also
portability and generality of the proposed approach. In [18], it
was also shown that joint optimization of speech attributes
detectors through a penalized logistic regression principle
leads to remarkable classification results.

This paper extends [10] to incorporating two types of
knowledge: prosodic structure and manner of articulation. For
the modeling of prosodic structure, an unsupervised joint
prosody labeling and modeling (PLM) approach [19,20]
proposed previous for Mandarin is adopted to simultaneously
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construct prosodic models for American English and label
speech corpus with prosody tags describing a designed
prosodic structure. The proposed approach utilizes the
knowledge about prosodic structure to design prosodic models
that properly model observed prosodic-acoustic features,
linguistic features and the designed prosodic structure, and
then let the modeled-features objectively determine prosody
tags by themselves. On the other hand, the conventional
prosody modeling approach for ASR [21-27] generally
requires linguistic expertise/knowledge to first manually label
prosody tags and then construct prosodic models. Therefore,
the proposed prosody modeling approach is advantageous on
bypassing a time-consuming and labor-intensive manual
prosody work that may cause the labeling inconsistency by the
same annotators or between different annotators. We expect
the knowledge of prosodic structure exhibited by the designed
prosodic models can provide useful supra-segmental
information to assist in correcting the recognition errors that
cannot be improved by conventional n-gram language models
(LMs) and acoustic models (AMs). For the modeling of
manner of articulation, a bank of six ANN-based attribute
detectors [12] is designed to output frame-based activation
levels of the attributes. We expect the attribute scores can
provide robust bottom-up articulatory information so as to
correct the errors that override the underlying acoustic
phonetic properties.

The effectiveness of the proposed knowledge integration
is confirmed by an evaluation on the American English WSJ
word recognition task of the Nov92 test set [28]. Experimental
results show that the proposed approach outperforms the
baseline system that does not use articulatory and prosodic
information. The results also demonstrate the effectiveness
and usefulness of the PLM approach in constructing prosodic
models for American English even though it is originally
proposed for the prosody modeling of Mandarin speech.

2. System Overview

Figure 1 shows a block diagram of the proposed knowledge
integration approach to LVCSR. The system mainly consists
of five parts: (i) a hidden Markov model (HMM) based ASR
system implemented by HTK [29], (ii) a bank of attribute
detectors, (iii) a phone verifier, (iv) a lattice expander, and (v)
a lattice re-scorer. It first utilizes a conventional HMM-based
word recognizer with a tri-phone AM and a word-trigram LM
in the first stage to generate a word lattice with phone
segmentation information. A phone verifier is then used to
verify the phone hypotheses with output scores of the attribute
detectors. Lastly the lattice re-scorer is utilized to find the best
recognition results using the prosodic models, given with the
lattice containing information of the linguistic transcription in
terms of word and part-of-speech (POS) expanded by the
lattice expander.
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3. Attribute Detectors and Phone Verifier

Six independent frame-based attribute detectors are designed
to generate activation levels of the following attributes:
fricative, approximant, nasal, stop, vowel, and silence. Each
detector is implemented with three single hidden layer feed-
forward multi-layer perceptrons (MLPs). The two left-most
MLPs are designed to respectively predict left-context and
right-context attribute-state posteriors [12,13], given inputs of
the left and the right halves of a stacked supervector composed
of 15 mel-frequency sub-band energy trajectories with a
window of 310 ms centered around the processing frame. The
outputs of the two left-most MLPs are then sent to the third
MLP that acts as a merger to give the activation level of the
target speech attribute. Since an HMM-based tri-phone AM is
used in the baseline ASR system to generate word lattices with
phone segmentation information, each word hypothesis in a
lattice can be simply re-scored by summing the log frame-
based activation levels of the corresponding attributes.

4. Prosodic Models for ASR

The design of prosodic models is based on the following
maximum-a-posterior formulation to find the best linguistic
transcriptions L ={W,POS} and acoustic segmentation Y

for the given input acoustic features A ={A,X} :
L', Y" =argmax P(L,Y | A,X) =argmax P(L, Y, A, X)
L.Y L.Y

~argmax P(A, Y| W)P(X| Y,L)P(W,POS) (0
L.,Y

where W is a word sequence; POS is a part of speech (POS)
sequence associated with W; A is a frame-based spectral
feature vector sequence; and X is a prosodic-acoustic feature
sequence; P(A,Y|W) is an AM; P(W,POS) is an LM
which describes the relations among W and POS; P(X|Y,L)

is a prosodic model. Here, the prosodic model considers two
sub-models for duration modeling and FO modeling, i.e.

PX|Y, L)~ P(X, | ,L)P(X,|Y,L) 2)

where X, and X, represent respectively duration-related and
P(X,|Y,L)
P(X,|Y,L) represent respectively the duration model and
the FO model.

FO-related prosodic-acoustic features; and

4.1. Duration Model

4.1.1. Prosodic-Acoustic Features and Prosody Tags

Syllable duration sd and inter-lexical word pause duration
pd are two duration-related prosodic-acoustic features
considered in the duration model (ie. X, ={sd,pd} ). To
describe a prosodic structure characterized by sd and pd, a
four-layer hierarchical structure is designed to describe the
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prosodic structure as shown in Figure 2. Four duration break-
type prosody tags, i.e. B={B1, B2, B3 and Be}, are defined to
delimit an utterance into three types of prosodic units, namely
lexical word (LW), prosodic word (PW), and prosodic phrase
(PPh). First, B1 represent a non-break LW boundary within a
PW, which has no identifiable pause duration between LWs
and no perceived pre-boundary syllable duration lengthening.
Second, PW boundary B2 is a boundary with a perceived pre-
boundary syllable duration lengthening without identifiable
pause duration. Third, PPh boundary B3 is perceived as a clear
pause accompanying a pre-boundary syllable lengthening.
Fourth, Be is defined for the end of an utterance.

Utterance | Be

Be ‘
[ PPh ] B3 [ PPh

] B3 PPh |

W] m [ w ] [w]m[w] [ w ]
(] & [v] (o] [(Wlm [v)

Figure 2: The prosodic structure characterized by syllable
duration and pause duration.

4.1.2. Design of the Duration Model

The model is elaborated via introducing the prosody tag B, i.e.
P(Xd\Y,L):ZP(Xd,B|Y,L)zmgxP(Xd,BW,L) 5
~ rﬁsx P(sd|B,Y,L)P(pd|B,Y)P(B| L) )

where P(sd|B,Y,L) and P(pd|B,Y) are the syllable
duration model and the pause duration model, which describe
the influences of the duration break type and the contextual
word-level linguistic features on the variations of syllable
duration in an LW and of pause duration following an LW,
respectively; P(B|L) is the duration break-syntax model
which describes how an LW-juncture duration break is
influenced by the contextual linguistic features L.

In realization, P(sd|B,Y,L) is further elaborated by
N N M,
P(sd|B,Y,L)~[ | P(sd,|B,.L)~] [ [ P(sd,,.| B}, L,)
N M, n=l m=l )
~ H H N(sd,

v b
0, s, Y, TR
n=l m=l

where N and M, represent respectively the number of LW in
an utterance and the number of syllable in the n-th LW; sd

n,m

n=l

w3 Vs, ¥

'nm

represents syllable duration of the m-th syllable in the n-th LW;

. is the affecting pattern (AP) of the affecting factor x; s
and /4, represent respectively syllable type and lexical stress
type of the m-th syllable in the n-th LW,
I, ={G,M)|i=1~M 7} represents syllable position in an

LW, ie. (i,M,) denotes the i-th syllable in the n-th LW;

n.m

7Bf” .1, and 72"7 ;. are the forward and backward break type

APs contributed from B, | and B, , which are the break types
proceeding and following the current LW, respectively.

The pause duration model is simply elaborated by

N
P(pdB,Y)~] [ P(pd,|B,,Y)

(&)
n=1
where
1, if (pd, =0,B &{Bl, B2}) | (pd,>0,B,=B3)(B,=Be
P(pd,JB, )= (2 : { D1 ( ) 6)
0, otherwise
The break-syntax model P(B|L) is approximated by
N-1
P(B|L)~ []PB,I1L™ 0

n=l1



where P(B,| L") is the duration break-syntax model for the
juncture following the n-th LW; L' = {len(W""), pos'™'} is

the contextual linguistic features surrounding the #-th LW; and
len(:) denotes the length of an LW in syllable. Then

P(B,| L) is elaborated by a conditional random filed (CRF)

model [30] with the features and feature templates formed by
the contextual linguistic features L'*' .

4.2. F0 Model

4.2.1. Prosodic-Acoustic Features and Prosody Tags

We consider prosodic-acoustic features of inter-syllable
logF0 jump sp and inter-LW pause pd in FO modeling. In this
study, sp is defined as the difference between logF0 means of
the current and the following syllables. Two types of prosody
tags are designed to describe a prosodic structure characterized
by sp and pd. They are (1) the pitch break tag p, and (2) the
pitch accent tag q. The pitch break tag is used to delimit a
four-layer prosodic structure composed of LW, PW, PPh and
an utterance, from bottom to top. This structure is similar to
the one depicted in Figure 2, but defined by the characteristics
of sp and pd. Four pitch break tags, p={p1, p2, p3, pe}, are
defined to delimit the prosodic structure.

First, the tag p1 represents an intra-PW boundary with no
apparent logFO jump across LWs and no identifiable pause
duration between LWs. Second, the tag p2 is a PW boundary
with an apparent FO reset across LWs without pause. Third, a
PPh boundary p3 is perceived as a clear pause. Fourth, pe is
defined for the end of an utterance. To model logF0 jump
more finely, pl is further split into two subclasses: pl-1 for
tightly-couple LW boundary and p1-2 for loosely-coupled LW
boundary. Also, p2 and p3 are further split into p2-1, p2-2, p3-
1, and p3-2, correspondingly representing strong logFO reset
of p2, weak logFO0 reset of p2, strong logF0 reset of p3, and
weak logFO0 reset of p3. Thus, in this study, a complete pitch
break tag set becomes p={p1-1, p1-2, p2-1, p2-2, p3-1, p3-2,
pe}.

The pitch accent tag q is used to describe the degree of
lexical stress exhibited in variation of logFO jump within a bi-
syllabic or polysyllabic LW. Two types of pitch accent tags,
q={ql, g2}, are defined: (1) ¢1 for non-accent representing no
manifest lexical stress on logFO jump exhibited, that is, no
apparent higher FO value at stressed syllable, and (2) ¢2 for
strong-accent representing apparent higher FO value at stressed
syllable being exhibited.

4.2.2. The Design of the FO Models

Analogous to the design of the duration model, the FO model
is elaborated via introducing the prosody tags p and q, i.e.

P(X,|Y,L)= Zp(xf,p q|Y,L)= maxP(X/,p q|Y,L)
~ maxP(SP Ip.q, \,L)P(pd|p, V)P(p|L)P(q|L) (8)

~l—ﬂ—[{P(vpm | 77104, L) P(pd, | P, )}
P(p,| L, )P(q, | L)

where P(sp|p.q,Y,L)and P(pd|p,Y) are the syllable logFO
P(p|L) and
P(q|L) are the pitch break-syntax model and the accent-
respectively. P(spm |po.q,,L,)
claborated additively by

n=1 m=1

jump model and the pause duration model,

syntax model, is also
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P(sp, ,\Py1-4,-L,)
_N(Spnnﬂﬂh +IB +ﬁl + p 1oL + Pl +#p’Rp)

where sp, . represents logFO jump across m-th and (m+1)-th

syllables (or across n-th and (n+1)-th LWs); S

affecting pattern (AP) of the affecting factor x. The pause
duration model in the FO model is simply elaborated by
L, if (pd =0 1, p2 d >0,p =p3)(p,=
P(pd,,lpn,Y):{’l (d,~0.p,elpl, P21 | (0, >0.2,=P3NP,=Pe) (1)
0, otherwise

©)

is the

Last, the pitch break-syntax model P(p,| L") and the accent-
syntax model P(q, | L") are elaborated in the same way as
the duration break-syntax model P(B|L).

5. Lattice Rescoring

In the current study, the knowledge integration is implemented
by lattice rescoring. Figure 3 shows both the features and the
models used for the knowledge integration phase. In the
rescoring process, probabilistic scores generated by different
models are combined together using a log-linear score
combining scheme. The optimal weight for each model can be
found by tuning on the training set.

L: linguistic transcription ’7LM7_|

w1

i
G aunbute\ [Syllable type | [ Lexical stress ] i
l Syllable «— Duration __ !
AM | duration sd T break type B i
I Inter-LW pause :"_ I _’ .| . _| Pitch break < i
| duration pd type p i
Spectral | . Inter-syllable el Pitch accent H
feature A logFO jump sp ’ type q i

prosodic tags

A: acoustic features

A posterior probability of attributes Duration Models P(X | Y,L)

Pitch models P(X , | Y, L)
—_— —_—
Figure 3: The relationships of the involved features and

models for knowledge integration.
6. Experimental Results

6.1. Experiment Setup

The proposed knowledge-assisted ASR was evaluated on the
Sk-word speaker independent WSJO task of Nov92 [28]. For
the baseline HMM-based ASR system, acoustic feature vector
consists of 39 components (13 MFCC parameters, +deltas +
delta-deltas). The parameters of tied-state, cross-word tri-
phone AMs were estimated in ML criterion using the SI-84 set
(7134 utterances from 84 speakers/15.3 hours); 3412 shared
states were obtained by a standard decision-tree based context
clustering of HMMs; and each HMM state was modeled by an
8-mixture GMM. The closed Sk-vocabulary word
bigram/trigram backoff language models [31] were used for
the baseline ASR decoding.

A POS bigram model was constructed for the lattice
expansion to incorporate POS hypothesis in the lattice
expander. Here, the POS bigram model was constructed using
the WSJ’87-89 Non-Verbal Punctuation (NVP) text
automatically POS-tagged by the Stanford POS Tagger [32].
The parameters of the attribute detectors were estimated using
6877 SI-84 sentences with 200 SI-84 utterances for cross-
validation. The duration model and the FO model were trained
using data of a subset of SI-84 containing NVP utterances of
59 speakers (51,102 words, 82,626 syllables) by a specially
designed sequential optimization algorithm [19].



6.2. Results and Discussion

Experimental results are listed in Table 1. It can be found that
the baseline performance could be improved by incorporating
the knowledge sources. The best performance for word, and
sentence recognitions were achieved by combining the scores
of manner (+M), duration model (+D), and FO model (+F).
Generally, the manner attribute information alone could
provide a slightly better improvement on WER/SER than the
prosodic models.

Table 1. Comparison of word and sentence error rates (WER
and SER) on Nov92 speech recognition by adding various
knowledge sources, including manner (+M), duration models
(+D) and F0 models (+F) to the baseline ASR system (B).

WER (%) SER (%) WER (%) SER (%)

B 540 44.03 +D+F 497 41.82
+M 491 4091 +M+D  4.86 40.61
+D 510 41.52 +M+F  5.03 43.42

+F  5.17 43.03 +M+D+F  4.65 40.00

Figure 4 displays the spectrogram, the segmentations, and
the FO contour for the utterance numbered 441c0207 in which
the correct word sequence (Ref.) is: ‘In Japan it’s all Greek so
to speak’. The baseline system (B) generated an erroneous
word sequence: ‘And it and I agree to set to speak’. When
applying the scores of all knowledge sources (i.e., +M+D+F),
a better recognition result was: ‘And Japan agree to set to
speak’. It can be found that a significant FO reset across the
word juncture of ‘it and... " is observed, but the predicted pitch
break tag for the word juncture is p1-2 which describes no
significant FO reset if a conjunction ‘and’ follows a pronoun
‘it’. This conflict was solved by the lattice re-scorer to favor a
better word hypothesis of a proper noun ‘Japan’ which tends
to exhibit a significant FO reset across the syllable juncture ‘jh-
ah p-ae-n’ and thus matches the properties of the predicted
pitch accent tag g2 (strong pitch accent).

Figure 5 shows an example that the utterance ‘Also a move
to base it abroad will have tax advantages’ (numbered
441c020f) which is misrecognized as ‘Also on the two basic
abroad will have advantages’ by the baseline, +M, +D, +F,
+M+F, and +D+F, but completely corrected by applying
+M+D and +M+D+F. It can be found from the result in the
baseline that the hypothesized word of an article ‘the’ has
higher FO mean w.r.t. the previous hypothesis of a preposition
word ‘on’. This result is in conflict with the characteristics of
the predicted pitch break tag of p1-1 given a linguistic context
of a preposition-article word juncture, which describes no
significant FO reset between two function words. Also, the
syllable duration of the word ‘the’ followed by a duration
break tag B3 (a short pause or silence ‘sil’) is too short to
exhibit a pre-boundary syllable duration lengthening that
characterizes B3. On the other hand, via investigating the
scores generated by the six attribute detectors, it is found that
the activation level for the manner silence for the silence (sil)
after ‘the’ is much lower than that for the manner fricative.
Therefore, the lattice re-scorer prefers the word sequence
hypothesis of ‘4 move to’ in which three observations
generally agree with the characteristics of the predicted
prosody tags and the articulatory manner: (1) a FO mean reset
across the article-noun word juncture ‘4 move’ matches the
characteristic of p2-1, (2) the duration of the noun ‘move’ is
lengthened and prosody-tagged as a pre-boundary duration
lengthening break B2, and (3) the activation levels for the
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Figure 4: Displaj/s of spectrograrh (up}?er), FO contour
(middle), and word/phone segmentation (lower) in the region
of the recognition errors for the utterance numbered 441c0207.
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Figure 5: From top to bottom, spectrogram, activation levels
of the related manner, FO0 contour, and word/phone
segmentation in the region of the recognition errors for the
utterance numbered 441c020f.

7.

This paper has shown the feasibility and effectiveness of
integrating two knowledge sources of prosodic structure and
articulatory manner to improve the performance of a state-of-
the-art LVCSR system. When incorporating two pieces of
information we achieved an error rate reduction of over 15%
for word recognition. Certain relationship between the prosody
tags, the prosodic features, the articulatory manner, and the
activation level of the attribute detectors were examined in the
experimental results. This study not only revealed linguistic
meanings exhibited by the trained manner of articulation and
prosodic models, but also demonstrated the usefulness of the
information provided by the two knowledge-source models. It
is encouraging to see that the PLM technique originally
designed for Mandarin prosody is feasible for the modeling of
prosody in American English. Furthermore, it is instructive to
see that each piece of knowledge information contributes to
enhancing LVCSR system performance in an additive manner.
In the future we expect more knowledge sources from studies
in different languages can be incorporated into the proposed
knowledge integration approach to ASR.

Conclusions
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