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Method Tone Accuracy using Mandarin 
Chinese Speech Database 

Baseline (Chance) 39.6% 

rrone Recognition using Prosodic 59.1% 
Features (Prior Art Method) 

rrone Recognition using Auditory 79.0% 
~ttention Cues (Invented Method) 

FIG.2A 

Method Pitch Accent Boundary Tone 
Classification Classification 

Accuracy using Accuracy using 
BURNC Database BURNC Database 

Baseline (Chance) 54.4% 60.5% 

Intonation Recognition 56.4% 67.7% 
Using RFC 
Parameterization of Pitch 
Contour with Word 
Language Model (Prior Art 
Method) 
Intonation Recognition 64.6% 89.7% 
Using Auditory Attention 
Cues (Invented Method) 
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METHOD FOR TONE/INTONATION 
RECOGNITION USING AUDITORY 

ATTENTION CUES 

FIELD OF THE INVENTION 

[0001] Embodiments of the present invention are related to 
a method for implementing tone/intonation recognition of 
speech using auditory attention cues. 

BACKGROUND OF THE INVENTION 

[0002] Tone and intonation play an important role in speech 
recognition and natural language understanding. In many 
languages, intonation, variation of pitch while speaking, can 
be used for emphasis, posing a question, or conveying sur­
prise, etc. For example, in standard American English, rising 
pitch at the end of a phrase often indicates that the speaker is 
asking a question instead of making a declaration ("He 
bought a car?" vs. "He bought a car"). Different from English 
and some western languages, tone languages such as Chinese 
use pitch to distinguish words. 
[0003] In tone languages, syllables or words which have the 
exact same sequence of phonemes often map to different 
lexical entries when they have different tone patterns (i~., 

pitch contours). For example, the words "mother" (ma), 
"hemp" (ma), "horse" (ma), and "curse" (ma) are all pro­
nounced "ma" in Mandarin, but each of them has a different 
tone pattern. 
[0004] Because of aforementioned reasons, a detailed 
description of tone and intonation would be beneficial for 
many spoken language processing systems; i.e., to disam­
biguate words in automatic speech recognition, to detect dif­
ferent speech acts in dialog systems, to generate more natu­
rally sounding speech in speech synthesis systems, etc. 
Hence, here, we focus on recognition of lexical tones in 
Mandarin and fine-grained intonation types, namely pitch 
accent and boundary tones, in English. 
[0005] In the literature, for English, the detection of pitch 
accent and boundary tones has been largely explored; how­
everthe classification of pitch accent and boundary tone types 
hasn't been investigated much until recent years. Previously, 
prior art spoken language processing techniques combined 
pitch accent detection and classification tasks by creating a 
four-way classification problem with unaccented, high, low, 
and downstepped accent categories. More recently, prior art 
spoken language processing techniques have focused solely 
on the classification of pitch accent and boundary tone cat­
egories without the worry of detection. 
[0006] In contrast to fine-grained intonation classification 
in English, lexical tone recognition in Mandarin has attracted 
attention of researchers for many years, and approaches can 
be grouped under two major categories: namely embedded 
and explicit tone modeling. In embedded tone modeling, tone 
related features are augmented to spectral features at each 
frame and is recognized as part of the existing system, 
whereas in explicit tone modeling, tones are independently 
modeled and recognized usually using supra-segmental fea­
tures. 
[0007] In traditional methods, including aforementioned 
work, prosodic features, such as pitch, duration, and energy 
features, were used for tone and intonation modeling. How­
ever, such traditional methods have not provided adequate 
tone recognition performance. 
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[0008] It is within this context that embodiments of the 
present invention arise. 

BRIEF DESCRIPTION OF THE DRAWINGS 

[0009] Embodiments of the present invention can be 
readily understood by referring to the following detailed 
description in conjunction with the accompanying drawings. 
[0010] FIG. lA is a flow diagram illustrating a method for 
tone/intonation recognition using auditory attention cues 
according to an embodiment of the present invention. 
[0011] FIGS. lB-lF are schematic diagrams illustrating 
examples of spectra-temporal receptive filters that can be 
used in embodiments of the present invention. 
[0012] FIG. 2A is a table illustrating the accuracy of tone 
recognition according to an embodiment of the present inven­
tion as compared to the prior art. 
[0013] FIG. 2B is a table illustrating the accuracy of into­
nation recognition according to an embodiment of the present 
invention as compared to the prior art. 
[0014] FIG. 3 is a block diagram illustrating an apparatus 
for tone/intonation recognition according to an embodiment 
of the present invention 
[0015] FIG. 4 is a block diagram illustrating an example of 
a cell processor implementation of an apparatus for tone/ 
intonation recognition according to an embodiment of the 
present invention. 
[0016] FIG. 5 illustrates an example of a non-transitory 
computer-readable storage medium with instructions for 
implementing tone/intonation recognition according to an 
embodiment of the present invention. 

DESCRIPTION OF THE SPECIFIC 
EMBODIMENTS 

[0017] Embodiments of the present invention relate to spo­
ken language processing methods and apparatus that use 
auditory attention cues for tone and intonation classification. 
[0018] FIG. lA is a flow diagram illustrating a method for 
tone/intonation recognition using auditory attention cues 
according to an embodiment of the present invention. The 
auditory attention model is biologically inspired and mimics 
the processing stages found in the human auditory system. It 
is designed to determine when and where sound signals 
attract human attention. 
[0019] Initially an input window of sound 101 is received. 
By way of example, and not by way of limitation, this input 
window of sound 101 may be captured over a time window of 
some finite duration using a microphone which acts to convert 
the acoustic waves that characterize a particular input win­
dow of sound 101 into an electric signal for further process­
ing. The input window of sound 101 may be any segment of 
a person's speech. By way of example, and not by way of 
limitation, the input window of sound 101 may contain a 
single syllable, word, sentence, or any combination of these. 
Although the input window 101 may be of any duration, 
experimentation has shown that the highest accuracy of tone 
class recognition may be achieved using a centered input 
window (i.e., one that captures a current syllable and extends 
to both previous and subsequent syllables as window duration 
permits) with a duration ofabout 0.8 seconds. Likewise, pitch 
accent intonation recognition experiences its highest rate of 
accuracy using an input window with duration ofl .2 seconds. 
Boundary tone intonation recognition can achieve 89.7% 
accuracy with window duration of 0.6 second. In addition, 
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comparable performance can be achieved for reasonable 
shorter window durations, as well. 
[0020] The input window of sound 101 is then passed 
through a set of processing stages 103 that operate to convert 
this window of sound 101 into an audio spectrum 105. These 
processing stages 103 can be based on the early processing 
stages of an auditory system, such as the human auditory 
system. By way of example, and not by way oflimitation, the 
processing stages 103 may consist of cochlear filtering, inner 
hair cell, and lateral inhibitory stages mimicking the process 
from basilar membrane to the cochlear nucleus in the auditory 
system. The cochlear filtering may be implemented using a 
bank of 128 overlapping constant-Q asymmetric band pass 
filters with center frequencies that are uniformly distributed 
along a logarithmic frequency axis. These filters may be 
implemented by suitably configured electronic hardware, 
which may be purpose-built. Alternatively, the filters may be 
implemented on a general-purpose computer programmed 
with software that implements the functions of the filters. For 
analysis, 20 ms frames of audio with 10 ms shift can be used, 
which result in each audio frame being represented by a 128 
dimensional vector. 
[0021] Once the input window of sound 101 has been con­
verted into an auditory spectrum 105, the spectrum 105 is 
analyzed by extracting multi-scale features 117, as indicated 
atl 07, by mimicking the information processing stages in the 
central auditory system. Auditory attention can be captured 
by or voluntarily directed to a wide variety of acoustical 
features such as intensity ( or energy), frequency, temporal, 
pitch, timbre, FM direction or slope ( called "orientation" 
here), etc. These features can be selected and implemented to 
mimic the receptive fields in the primary auditory cortex. 
[0022] By way of example, and not by way of limitation, 
four features that can be included in the model to encompass 
the aforementioned features are intensity (I), frequency con­
trast (F), temporal contrast (T), and orientation (0 8) with 
8={45°,135°}. The intensity feature captures signal charac­
teristics related to the intensity or energy of the signal. The 
frequency contrast feature captures signal characteristics 
related to spectral (frequency) changes of the signal. The 
temporal contrast feature captures signal characteristics 
related to temporal changes in the signal. The orientation 
filters are sensitive to moving ripples in the signal. 
[0023] Each feature may be extracted using two-dimen­
sional spectra-temporal receptive filters 109, 111, 113, 115, 
which mimic the certain receptive fields in the primary audi­
tory cortex. FIGS. lB-lF respectively illustrate examples of 
the receptive filters (RF) 109, 111, 113, 115. Each of the 
receptive filters (RF) 109,111,113,115 simulated for feature 
extraction is illustrated with gray scaled images correspond­
ing to the feature being extracted. An excitation phase 110 and 
inhibition phase 112 are shown with white and black color, 
respectively. 
[0024] Each of these filters 109,111,113, 115 is capable of 
detecting and capturing certain changes in signal character­
istics. For example, the intensity filter 109 illustrated in FIG. 
lB may be configured to mimic the receptive fields in the 
auditory cortex with only an excitatory phase selective for a 
particular region, so that it detects and captures changes in 
intensity/energy over the duration of the input window of 
sound. Similarly, the frequency contrast filter 111 depicted in 
FIG. lC may be configured to correspond to receptive fields 
in the primary auditory cortex with an excitatory phase and 
simultaneous symmetric inhibitory sidebands. The temporal 
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contrast filter 113 illustrated in FIG. lD may be configured to 
correspond to the receptive fields with an inhibitory phase and 
a subsequent excitatory phase. 
[0025] The frequency contrast filter 111 shown in FIG. lC 
detects and captures spectral changes over the duration of the 
sound window. The temporal contrast filter 113 shown in FIG. 
lD detects and captures changes in the temporal domain. The 
orientation filters 115' and 115" mimic the dynamics of the 
auditory neuron responses to moving ripples. The orientation 
filter 115' can be configured with excitation and inhibition 
phases having 45° orientation as shown in FIG. lE to detect 
and capture when ripple is moving upwards. Similarly, the 
orientation filter 115" can be configured with excitation and 
inhibition phases having 135 ° orientation as shown in FIG. lF 
to detect and capture when ripple is moving downwards. 
Hence, these filters also capture when pitch is rising or falling. 
[0026] The RF for generating frequency contrast 111, tem­
poral contrast 113 and orientation features 115 can be imple­
mented using two-dimensional Gabor filters with varying 
angles. The filters used for frequency and temporal contrast 
features can be interpreted as horizontal and vertical orienta­
tion filters, respectively, and can be implemented with two­
dimensional Gabor filters with 0° and 90°, orientations. Simi­
larly, the orientation features can be extracted using two­
dimensional Gabor filters with ( 45°, 135°) orientations. The 
RF for generating the intensity feature 109 is implemented 
using a two-dimensional Gaussian kernel. 
[0027] The feature extraction 107 is completed using a 
multi-scale platform. The motivation for generating a scale­
space representation of a given data set originates from the 
basic observation that objects are composed of different 
structures at different scales. For a system analyzing an 
unknown set of data, there is no way to know a priori what 
scales are appropriate for describing the interesting structures 
associated with the data. The only reasonable approach is thus 
to consider descriptions at multiple scales in order to capture 
the unknown scale variations that may occur. In embodiments 
of the present invention, the multi-scale features 117 may be 
obtained using a dyadic pyramid (i.e., the input spectrum is 
filtered and decimated by a factoroftwo, and this is repeated). 
As a result, eight scales are created (if the window duration is 
larger than 1.28 seconds, otherwise there are fewer scales), 
yielding size reduction factors ranging from 1:1 (scale 1) to 
1:128 (scale 8). In contrast with prior art tone recognition 
techniques, the feature extraction 107 need not extract pro­
sodic features from the input window of sound 101. 
[0028] Prior art approaches to tone recognition often 
required that each speaker's prosodic features be normalized 
before distinguishing between tones, to ensure accuracy. For 
example, each speaker's pitch was normalized, since each 
speaker had a different baseline pitch when speaking (e.g., 
female voices compared to male voices) normalization was 
necessary in order to identify a relative pitch associated with 
a given tone for each individual speaker. In embodiments of 
the present invention, extracted features can capture the sig­
nal characteristic variations (i.e. relative intensity change) 
rather than the absolute values of signal characteristics due to 
the design of the filters used, and so normalization is no 
longer necessary for each individual speaker in order to rec­
ognize tones. 
[0029] After multi-scale features 117 are obtained, feature 
maps 121 are generated as indicated at 119 using those multi­
scale features 117. This is accomplished by computing "cen­
ter-surround" differences, which involves comparing "cen-
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ter" (fine) scales with "surround" ( coarser) scales. The center­
surround operation mimics the properties of local cortical 
inhibition and detects the local temporal and spatial discon­
tinuities. It is simulated by across scale subtraction (8) 
between a "center" fine scale ( c) and a "surround" coarser 
scale (s), yielding a feature map M (c, s): M (c, s)=IM(c)8M 
(s)I, ME{I, F, T, 0 8 }. The across scale subtraction between 
two scales is computed by interpolation to the finer scale and 
point-wise subtraction. By way of example, and not by way of 
limitation, c={2, 3, 4}, s=c+o, with OE{3, 4} may be used, 
which results in a total of30 feature maps when features are 
extracted at eight scales. 
[0030] Next, an "auditory gist" vector 125 is extracted as 
indicated at 123 from each feature map 121 ofl, F, T, 0 8 , such 
that the sum of auditory gist vectors 125 covers the entire 
input sound window 101 at low resolution. To determine the 
auditory gist vector 125 for a given feature map 121, the 
feature map 121 is first divided into an m-by-n grid of sub­
regions, and statistics, such as maximum, minimum, mean, 
standard deviation etc., of each sub-region can be computed. 
By way of example, and not by way oflimitation, the mean of 
each sub-region can be computed to capture the overall prop­
erties of the map. For a feature map M,, with height hand 
width w, the computation of the auditory gist vector can be 
written as: 

IVl;(u, v), for 

k={O, ... ,n-1),1={0, ... ,m-1). 

An example of auditory gist vector extraction 123 with m=4, 
n=5 is shown in FIG. 1, where a 20-dimensional auditory gist 
vector 125 is shown to represent a feature map. These par­
ticular values of m and n are provided as for the sake of 
example and not as limitations on any embodiment of the 
invention. 
[0031] After extracting an auditory gist vector 125 from 
each feature map 121, the auditory gist vectors are augmented 
and combined to create a cumulative gist vector 127. The 
cumulative gist vector 127 may additionally undergo a 
dimension reduction 129 technique to reduce dimension and 
redundancy in order to make tone recognition more practical. 
By way of example and not by way of limitation, principal 
component analysis (PCA) can be used for the dimension 
reduction 129. The result of the dimension reduction 129 is a 
reduced cumulative gist vector 127' that conveys the informa­
tion in the cumulative gist vector 127 in fewer dimensions. 
PCA is commonly used as a primary technique in pattern 
recognition. As is generally understood, PCA is mathemati­
cally defined as an orthogonal linear transformation that 
transforms data to a new coordinate system such that the 
greatest variance by any projection of the data comes to lie on 
the first coordinate ( called the first principal component), the 
second greatest variance on the second coordinate, and so on. 
PCA may be implemented on a computer programmed with 
suitably configured software. Examples of commercially 
available software that can implement dimension reduction 
through PCA include Matlab by Math Works, Inc. of Natick, 
Mass., U.S.A. or Weka machine learning software, developed 
at the University of Waikato, New Zealand. Alternatively, 
other linear and nonlinear dimension reduction techniques, 
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such as factor analysis, kernel PCA, linear discriminant 
analysis (LDA) and the like, may be used to implement the 
dimension reduction 129. 
[0032] Finally, after the reduced cumulative gist vector 127' 
that characterizes the input sound window 101 has been deter­
mined, tone recognition may be performed. To perform tone 
recognition on a given input sound window, a machine learn­
ing algorithm 131, such as neural networks, nearest neighbor 
classifiers, decision trees, etc, can be used to discover the 
mapping between cumulative gist vectors 127 and tone class 
(es). By way of example and not by way oflimitation, a neural 
network can be used as the machine learning algorithm 131 
since it is biologically well motivated. In such a case, the 
neural network 131 can identify the tone class( es) of the input 
sound given the cumulative gist vector it is associated with. 
[0033] As used herein, the term "neural network" refers to 
an interconnected group of natural or artificial neurons that 
uses a computational/mathematical model for information 
processing based on a connectionistic approach to computa­
tion. Neural networks are adaptive systems that change struc­
ture based on external or internal information that flows 
through the network. They are used to implement non-linear 
statistical data modeling and may be used to model complex 
relationships between inputs and outputs. In embodiments of 
the present invention, the neural network can be used for 
learning mapping between a group of auditory gist features 
represented by a cumulative auditory gist vector 127 or 
reduced cumulative gist vector 127' and one or more intona­
tion or tone classes. By way of example, and not by way of 
limitation, a 3-layer neural network may be used. The neural 
network may have D inputs, (D+N)/2 hidden nodes and N 
output nodes, where Dis the length of the cumulative auditory 
gist vector after PCA dimension reduction and N is the num­
ber of tonal classes to be distinguished ( e.g., 4 tonal classes 
for Mandarin). 
[0034] Additionally, by way of example, and not by way of 
limitation, the machine learning algorithm 131 may also be 
configured to perform intonation recognition rather than tone 
recognition. The neural network may be configured to map 
the cumulative gist vector 127 or 127' to different pitch accent 
types ( e.g., rising, falling, dipping, or peaking) or even phrase 
boundaries to recognize different intonation within the win­
dow of sound 101. As used herein, "tone" is defined as the use 
of pitch variation in language to distinguish lexical meaning 
(i.e., to distinguish words). As used herein, "intonation", 
refers to variations in pitch that occur while speaking to 
distinguish grammatical meaning ( e.g., to convey surprise or 
irony, to pose a question, etc.), but is not used to distinguish 
lexical meaning. 
[0035] Once the tone or intonation within the window of 
sound 101 has been recognized a lexical or grammatical 
meaning may be extracted from the recognized tone or into­
nation. For example, a computer-implemented speech recog­
nizer for a tonal language may have identified or may subse­
quently identify a set of possible word or syllable candidates 
for the window of sound 101, since two or more possible 
words/syllables, hence lexical meanings, may exist for the 
same phoneme sequence. As used herein, the term "pho­
neme" refers to a unit of spoken language used in spoken 
language processing, such as speech recognition. Typically, 
syllables or words are identified in terms of sequences of 
phonemes. The ambiguity in tone languages is due to the fact 
that the same sequence of phonemes can map to different 
words or syllables based on the tone. Hence, without tone 
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information, a speech recognizer can only identify a set of 
possible words/syllables (such that they all have the same 
pronunciation). However, tone information is required to 
make a selection among this set of candidates and identify the 
correct lexical entry (i.e. word/syllable). Hence, the lexical 
meaning may be determined by combining the speech recog­
nition output and the recognized tone within the window of 
sound 101, e.g., from a look-up table that has words/syllables 
with their associated tone information. If a match is found 
between the recognized tone and one of the possible tones, the 
corresponding lexical meaning can be stored, e.g., as elec­
tronic data or displayed, e.g., as recognized words or charac­
ters. 

[0036] In a like manner, a computer-implemented spoken 
language processing algorithm may match an intonation rec­
ognized within the window of sound 101 to different possible 
grammatical meanings for an utterance ( e.g., a recognized 
word or phrase). For example, different intonations of a word 
or syllable may signify whether an utterance is a statement or 
a question. The grammatical meaning for the recognized 
utterance may be determined, e.g., from a look-up table that 
correlates different possible intonations to different gram­
matical meanings for the recognized utterance. If a match is 
found between the recognized intonation and one of the pos­
sible intonations the corresponding grammatical meaning 
can be stored or displayed. For example, a question mark(?) 
may be displayed at the end of a recognized word or sentence 
if it is determined that the recognized intonation corresponds 
to intonation for a question. Similarly, a period (.) may be 
displayed at the end of a recognized word or sentence if it is 
determined that the recognized intonation corresponds to 
intonation for a statement. 

[0037] FIG. 2A is a table illustrating the accuracy of tone 
recognition according to an embodiment of the present inven­
tion as compared to the prior art. Tone recognition experi­
ments were conducted in Mandarin Chinese. In the experi­
ments, a continuous Mandarin Chinese speech database that 
contains 7513 command-and-control utterances from 16 
speakers (8 female and 8 male speakers) was used. There 
were approximately 28,000 syllables in the database. The 
database contained manual transcriptions of each spoken 
utterance together with a tone label for each syllable. To 
obtain syllable time boundaries, the recorded speech was 
force aligned to the reference transcriptions. In Mandarin 
Chinese, each Chinese character represents a monosyllable 
and has one of the five tones; high-level (tone 1), high-rising 
(tone 2), low-dipping (tone 3), high-falling (tone 4) and neu­
tral (tone 5). The neutral tone usually occurs at word-ends or 
sentence-ends and does not have a stable pitch contour, so it 
was ignored in these experiments as in the prior art methods. 
For this database, the chance level is 39. 6%, which is obtained 
by labeling all tones with the majority class after removing 
samples of neutral tone. 

[0038] In the experiments, a 3-layer neural network was 
used for learning the mapping between auditory gist features 
and tone classes. The neural network has D inputs, (D+N)/2 
hidden nodes and N output nodes, where Dis the length of the 
cumulative gist vector after PCA dimension reduction, and 
N=4 since this is a 4-class problem. The accuracy was then 
measured with an optimal duration of the input window of 
sound (e.g., 0.8 s). Both a centered input window and a 
left-aligned input window were used for experimentation. 
The left-aligned input window captured the current syllable 
and extended to the previous syllables as permitted by the 
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window duration. The centered input window captured the 
current syllable and extended to both previous and subse­
quent syllables as permitted by window duration. Because the 
centered input window performed significantly better than 
the left-aligned input window, the accuracy resulting from a 
centered input window was used. 
[0039] The prior art method for tone recognition was also 
tested using the same database. Here, prosodic features con­
sisting of pitch and duration features were extracted from the 
initial (consonant) and final part (vowel) of a syllable. Pitch 
contour was smoothed, normalized, and sampled to a fixed 
number of points. Context dependent features, which were 
generated augmenting features from the current and previous 
syllable as in the prior art method, were normalized per 
speaker and 59.1 % tone recognition accuracy was obtained 
using these aforementioned context dependent prosodic fea­
tures. 
[0040] The prior art method of tone recognition had an 
accuracy of 59.1 %, which is nearly 20% more accurate than 
the chance level. However, an embodiment of the inventive 
method (using auditory attention cues) provided a 20% abso­
lute improvement over the prior art method (using traditional 
prosodic features), resulting in an accuracy of79.0%. 
[0041] FIG. 2B is a table illustrating the accuracy of into­
nation recognition according to an embodiment of the present 
invention as compared to the prior art. Here, the Boston 
University Radio News Corpus (BURNC) was used for the 
experiments in English. The BURNC is a broadcast news­
style read speech corpus that consists of speech from 3 female 
and 3 male speakers, totaling about 3 hours of acoustic data 
with ToBI-style pitch accent and boundary tone annotations. 
Based on the distribution of pitch accent and boundary tone 
labels, the most common four pitch accent categories, namely 
1) high, 2) down-stepped, 3) low, and 4) rising peak and two 
boundary tone categories (low phrase accent followed by a 
low I or high boundary tone) were used. Approximately 14. 7K 
words carried one of these four pitch accent types and 5.6K of 
the words carried a boundary tone label. The chance levels, 
obtained by labeling all samples with the majority class, is 
54.4% and 60.5% accuracy for pitch accent and boundary 
tone classification tasks, respectively. 
[0042] As noted above, a 3-layer neural network described 
in FIG. 2A was used for mapping. The results indicated that 
the inventive method produced a pitch accent accuracy of 
64.6% and a boundary tone accuracy of89.7%. The prior art 
method, which used rise-fall-connection (RFC) parameter­
ization of pitch contours combined with a word language 
model achieved a pitch accent accuracy of 56.4% and a 
boundary tone accuracy of 67.7%. The proposed method 
based on auditory attention cues thus provided a 10.2% 
improvement over the chance level and an 8.2% improvement 
over the prior art method in pitch accent classification. It also 
provided 29.2% improvement over chance level and 22% 
improvement over the prior art method in boundary tone 
classification. 
[0043] Embodiments of the invention may be implemented 
on a suitably configured computer apparatus. FIG. 3 illus­
trates a block diagram of a computer apparatus that may be 
used to implement a method of tone/intonation recognition 
using auditory attention cues according to an embodiment of 
the present invention. The apparatus 300 generally may 
include a processor module 301 and a memory 305. The 
processor module 301 may include one or more processor 
cores. An example of a processing system that uses multiple 
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processor modules, is a Cell Processor, examples of which are 
described in detail, e.g., in Cell Broadband Engine Architec­
ture, which is available online at http://www-306.ibm.com/ 
chips/techlib/techlib.nsf/techdocs/ 
1AEEE1270EA2776387257060006E61B A/$file/CBEA_ 
0l_pub.pdf, which is incorporated herein by reference. 
[ 0044] The memory 3 05 may be in the form ofan integrated 
circuit, e.g., RAM, DRAM, ROM, and the like. The memory 
305 may also be a main memory that is accessible by all of the 
processor modules. In some embodiments, the processor 
module 301 may have local memories associated with each 
core. A program 303 may be stored in the main memory 305 
in the form of processor readable instructions that can be 
executed on the processor modules. The program 303 may be 
configured to perform tone/intonation recognition on a win­
dow of sound using auditory attention cues. The program 303 
may be written in any suitable processor readable language, 
e.g., C, C++, JAVA, Assembly, MATLAB, FORTRAN, and a 
number of other languages. Input data 307 may also be stored 
in the memory. Such input data 307 may include input win­
dows of sound, feature maps, or auditory gist vectors. During 
execution of the program 303, portions of program code 
and/or data may be loaded into the memory or the local stores 
of processor cores for parallel processing by multiple proces­
sor cores. 
[0045] The apparatus 300 may also include well-known 
support functions 309, such as input/output (I/O) elements 
311, power supplies (P/S) 313, a clock (CLK) 315, and a 
cache 317. The apparatus 300 may optionally include a mass 
storage device 319 such as a disk drive, CD-ROM drive, tape 
drive, or the like to store programs and/or data. The device 
300 may optionally include a display unit 321 and user inter­
face unit 325 to facilitate interaction between the apparatus 
and a user. The display unit 321 may be in the form of a 
cathode ray tube (CRT) or flat panel screen that displays text, 
numerals, graphical symbols or images. The user interface 
325 may include a keyboard, mouse, joystick, light pen, or 
other device that may be used in conjunction with a graphical 
user interface (GUI). The apparatus 300 may also include a 
network interface 323 to enable the device to communicate 
with other devices over a network, such as the internet. 
[0046] In some embodiments, the system 300 may include 
an optional microphone 329, which may be a single micro­
phone or a microphone array. The microphone 329 can be 
coupled to the processor 301 via the I/O elements 311. By 
way of example, and not by way oflimitation, different input 
windows of sound may be recorded using the microphone 
329. 
[0047] The components of the system 300, including the 
processor 301, memory 305, support functions 309, mass 
storage device 319, user interface 3 25, network interface 3 23, 
and display 321 may be operably connected to each other via 
one or more data buses 327. These components may be imple­
mented in hardware, software or firmware or some combina­
tion of two or more of these. 
[0048] There are a number of additional ways to streamline 
parallel processing with multiple processors in the apparatus. 
For example, it is possible to "unroll" processing loops, e.g., 
by replicating code on two or more processor cores and hav­
ing each processor core implement the code to process a 
different piece of data. Such an implementation may avoid a 
latency associated with setting up the loop. As applied to 
embodiments of the present invention, multiple processors 
could extract different features from an input sound window 
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in parallel. The intensity extraction filter, frequency contrast 
extraction filter, temporal contrast extraction filter, and ori­
entation extraction filter could all process the auditory spec­
trum simultaneously, generating corresponding multi-scale 
features much more efficiently if implemented on different 
processor elements in parallel. Furthermore, feature maps 
could also be generated in parallel, as well as their corre­
sponding auditory gist vectors. The ability to process data in 
parallel saves valuable processing time, leading to a more 
efficient and streamlined system for tone/intonation recogni­
tion. 

[0049] One example, among others of a processing system 
capable of implementing parallel processing is known as a 
cell processor. There are a number of different processor 
architectures that may be categorized as cell processors. By 
way of example, and without limitation, FIG. 4 illustrates a 
type of cell processor. The cell processor 400 includes a main 
memory 401, a single power processor element (PPE) 407, 
and eight synergistic processor elements (SPE) 411. Alterna­
tively, the cell processor may be configured with any number 
of SPEs. With respect to FIG. 4, the memory 401, PPE 407 
and SPEs 411 can communicate with each other and with an 
I/O device 415 over a ring-type element interconnect bus 417. 
The memory 401 contains input data 403 having features in 
common with the input data described above and a program 
405 having features in common with the program described 
above. At least one of the SPEs 411 may include in its local 
store (LS) tone/intonation recognition instructions 413 and/ 
or a portion of the input data that is to be processed in parallel, 
e.g. as described above. The PPE 407 may include in its L1 
cache, tone/intonation recognition instructions 409 having 
features in common with the program described above. 
Instructions 405 and data 403 may also be stored in memory 
401 for access by the SPE 411 and PPE 407 when needed. 

[0050] By way of example, and not by way of limitation, 
different SPE 411 may implement extraction of the multi­
scale features 117. Specifically, different SPE 411 may be 
respectively dedicated to parallel extraction of intensity (I), 
frequency contrast (F), temporal contrast (T), and orientation 
(0 8) features from the spectrum. Similarly, different SPE 411 
may respectively implement feature map generation 119 or 
auditory gist vector extraction 123 for the intensity (I), fre­
quency contrast (F), temporal contrast (T), and orientation 
(0 8) features. 

[0051] By way of example, the PPE 407 may be a 64-bit 
PowerPC Processor Unit (PPU) with associated caches. The 
PPE 407 may include an optional vector multimedia exten­
sion unit. Each SPE 411 includes a synergistic processor unit 
(SPU) and a local store (LS). In some implementations, the 
local store may have a capacity of e.g., about 256 kilobytes of 
memory for programs and data. The SPUs are less complex 
computational units than the PPU, in that they typically do not 
perform system management functions. The SPU s may have 
a single instruction, multiple data (SIMD) capability and 
typically process data and initiate any required data transfers 
(subject to access properties set up by a PPE) in order to 
perform their allocated tasks. The SPEs 411 allow the system 
to implement applications that require a higher computational 
unit density and can effectively use the provided instruction 
set. Managing a significant number ofSPEs 411 by the PPE 
407 allows for cost-effective processing over a wide range of 
applications. By way of example, the cell processor may be 
characterized by an architecture known as Cell Broadband 
Engine Architecture (CBEA). In CBEA-compliant architec-
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ture, multiple PPEs may be combined into a PPE group and 
multiple SPEs may be combined into an SPE group. For 
purposes of example, the cell processor is depicted as having 
only a single SPE group and a single PPE group with a single 
SPE and a single PPE. Alternatively, a cell processor can 
include multiple groups of power processor elements (PPE 
groups) and multiple groups of synergistic processor ele­
ments (SPE groups). CBEA-compliant processors are 
described in detail, e.g., in Cell Broadband Engine Architec­
ture, which is available online at: http://www-306.ibm.com/ 
chips/techlib/techlib.nsf/techdocs/ 
1AEEE1270EA277638725706000E61B A/$file/CBEA_ 
0l_pub.pdf, which is incorporated herein by reference. 
[0052] According to another embodiment, instructions for 
tone/intonation recognition using auditory attention cues 
may be stored in a computer readable storage medium. By 
way of example, and not by way of limitation, FIG. 5 illus­
trates an example of a non-transitory computer readable stor­
age medium 500 in accordance with an embodiment of the 
present invention. The storage medium 500 contains com­
puter-readable instructions stored in a format that can be 
retrieved, interpreted, and executed by a computer processing 
device. By way of example, and not by way of limitation, the 
computer-readable storage medium 500 may be a computer­
readable memory, such as random access memory (RAM) or 
read only memory (ROM), a computer readable storage disk 
for a fixed disk drive ( e.g., a hard disk drive), or a removable 
disk drive. In addition, the computer-readable storage 
medium 500 may be a flash memory device, a computer­
readable tape, a CD-ROM, a DVD-ROM, a Blu-Ray, HD­
DVD, UMD, or other optical storage medium. 
[0053] The storage medium 500 contains tone/intonation 
recognition instructions 501 configured to facilitate tone/in­
tonation recognition using auditory attention cues. The tone/ 
intonation recognition instructions 501 may be configured to 
implement tone/intonation recognition in accordance with 
the method described above with respect to FIG. 1. In par­
ticular, the tone/intonation recognition instructions 501 may 
optionally include receiving input sound instructions 503 that 
are used to receive an input window of sound for which 
tone/intonation recognition is to be performed. The input 
window of sound may be obtained in computer-readable form 
from a recording or from sounds captured live at run time by 
a microphone or microphone array. The tone/intonation rec­
ognition instructions 501 may further include determining 
auditory spectrum instructions 505 that determine an auditory 
spectrum for the input window of sound using cochlear fil­
tering, inner hair cell, and lateral inhibitory processing stages 
as described above. 
[0054] The tone/intonation recognition instructions 501 
may also include extracting multi-scale features instructions 
507 that extract multi-scale features associated with auditory 
spectrum when executed. These multi-scale features may 
include intensity, frequency contrast, temporal contrast, and 
orientation, as described above. This may further trigger 
execution of the generating feature map instructions 509 that 
generate corresponding feature maps for each multi-scale 
feature extracted as discussed above when executed. At this 
point, the tone/intonation recognition instructions 501 may 
implement extracting auditory gist vector instructions 511 
that extract a multi-parameter auditory gist vector for each 
feature map when executed. 
[0055] The tone/intonation recognition instructions 501 
may additionally include obtaining cumulative gist vector 
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instructions 513 that augment and combine all of the auditory 
gist vectors into a single cumulative gist vector when 
executed. The cumulative gist vector instructions 513 may 
also be configured to implement principal component analy­
sis (PCA) to remove redundancies and reduce the dimension 
of the cumulative gist vector when executed. The tone/into­
nation recognition instructions 501 may further include deter­
mining tone/intonation instructions 515 that map the cumu­
lative gist vector to its corresponding tone class/intonation 
characteristic when executed. 
[0056] The tone/intonation recognition instructions 501 
may optionally include extracting meaning instructions 517 
and display/store meaning instructions 519. Upon execution 
the extracting meaning instructions 517 may extract a lexical 
or grannnatical meaning from a recognized tone or intonation 
obtained by execution of the determining tone/intonation 
instructions 515. The display/store meaning instructions 519 
may cause a display associated with the aforementioned com­
puter processing device to display characters or symbols rep­
resenting the extracted lexical or grammatical meaning 
extracted when executed. Execution of the display/store 
meaning instructions 519 may also cause the computer pro­
cessing device to store data representing the extracted lexical 
or grammatical meaning in an associated memory or storage 
device. 
[0057] While the above is a complete description of the 
preferred embodiment of the present invention, it is possible 
to use various alternatives, modifications, and equivalents. 
Therefore, the scope of the present invention should be deter­
mined not with reference to the above description, but should, 
instead, be determined with reference to the appended claims, 
along with their full scope of equivalents. Any feature 
described herein, whether preferred or not, may be combined 
with any other feature described herein, whether preferred or 
not. In the claims that follow, the indefinite article "A" or "An" 
refers to a quantity of one or more of the item following the 
article, except where expressly stated otherwise. In the claims 
that follow, the word "or" is to be interpreted as a non­
exclusive or, unless otherwise specified. The appended claims 
are not to be interpreted as including means-plus-function 
limitations, unless such a limitation is explicitly received in a 
given claim using the phrase "means for". 

What is claimed is: 
1. A method for tone/intonation recognition in spoken lan­

guage processing, comprising: 
a) determining an auditory spectrum for an input window 

of sound; 
b) extracting one or more multi-scale features from the 

auditory spectrum, wherein each multi-scale feature is 
extracted using a separate two-dimensional spectra­
temporal receptive filter; 

c) generating one or more feature maps corresponding to 
the one or more multi-scale features; 

d) extracting an auditory gist vector from each of the one or 
more feature maps; 

e) obtaining a cumulative gist vector through augmentation 
of each auditory gist vector extracted from the one or 
more feature maps; and 

f) determining one or more tonal characteristics corre­
sponding to the input window of sound by mapping the 
cumulative gist vector to one or more tonal characteris­
tics using a machine learning algorithm. 
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2. The method of claim 1, further comprising extracting a 
lexical or grammatical meaning from a recognized tone or 
intonation from the tonal characteristics determined in f). 

3. The method of claim 2, further comprising displaying or 
storing the lexical or grammatical meaning. 

4. The method of claim 1 wherein the one or more multi­
scale features do not include prosodic features. 

5. The method of claim 1, wherein determining the audi­
tory spectrum in a) involves passing the input window of 
sound through a cochlear filtering stage, inner hair cell stage, 
and lateral inhibitory stage that mimic transmission between 
the basilar membrane and the cochlear nucleus of an auditory 
system. 

6. The method of claim 5, wherein the cochlear filtering 
stage is implemented using a bank of 128 overlapping con­
stant-Q asymmetric band-pass filters. 

7. The method of claim 1, wherein one of the multi-scale 
features in b) characterizes intensities associated with the 
auditory spectrum. 

8. The method of claim 7, wherein one of the multi-scale 
features in b) characterizes frequency contrast associated 
with the auditory spectrum. 

9. The method of claim 8, wherein one of the multi-scale 
features in b) characterizes temporal contrast associated with 
the auditory spectrum. 

10. The method of claim 9, wherein one of the multi-scale 
features in b) characterizes orientations associated with the 
auditory spectrum. 

11. The method of claim 1, wherein the one or more multi­
scale features in b) are obtained using a dyadic pyramid. 

12. The method of claim 1, wherein each feature map inc) 
is obtained by computing differences between one or more 
center scales associated with that particular multi-scale fea­
ture and one or more surround scales associated with that 
particular multi-scale feature. 

13. The method of claim 1, wherein each auditory gist 
factor ind) is determined by dividing its corresponding fea­
ture map into an m-by-n grid of sub-regions and calculating 
statistics for each sub-region. 

14. The method of claim 1, wherein e) includes using a 
dimension reduction method to remove redundancies or 
reduce dimensions of the cumulative gist vector. 

15. The method of claim 1, wherein f) includes determining 
a tonal class for the input window of sound. 

16. The method of claim 1, wherein f) includes determining 
a pitch accent for the input window of sound. 

17. The method of claim 1, wherein f) includes determining 
a boundary tone classification for the input window of sound. 

18. An apparatus for tone/intonation recognition in spoken 
language processing, comprising: 
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a processor; 
a memory; and 
computer coded instructions embodied in the memory and 

executable by the processor, wherein the computer 
coded instructions are configured to implement a 
method for tone recognition, the method comprising: 

a) determining an auditory spectrum for an input window 
of sound; 

b) extracting one or more multi-scale features from the 
auditory spectrum, wherein each multi-scale feature is 
extracted using a separate two-dimensional spectra­
temporal receptive filter; 

c) generating one or more feature maps corresponding to 
the one or more multi-scale features; 

d) extracting an auditory gist vector from each of the one or 
more feature maps; 

e) obtaining a cumulative gist vector through augmentation 
of each auditory gist vector extracted from the one or 
more feature maps; and 

f) determining one or more tonal characteristics corre­
sponding to the input window of sound by mapping the 
cumulative gist vector to one or more tonal characteris­
tics using a machine learning algorithm. 

19. A computer program product comprising: 
a non-transitory, computer-readable storage medium hav­

ing computer readable program code embodied in said 
medium for tone/intonation recognition, said computer 
program product having: 

a) computer readable program code means for determining 
an auditory spectrum for an input window of sound; 

b) computer readable program code means for extracting 
one or more multi-scale features from the auditory spec­
trum, wherein each multi-scale feature is extracted using 
a separate two-dimensional spectra-temporal receptive 
filter; 

c) computer readable program code means for generating 
one or more feature maps corresponding to the one or 
more multi-scale features; 

d) computer readable program code means for extracting 
an auditory gist vector from each of the one or more 
feature maps; 

e) computer readable program code means for obtaining a 
cumulative gist vector through augmentation of each of 
the auditory gist vectors; and 

f) computer readable program code means for determining 
one or more tonal characteristics corresponding to the 
input window of sound by mapping each cumulative gist 
vector extracted from the one or more feature maps to 
one or more tonal characteristics using a machine learn­
ing algorithm. 

* * * * * 

PGR2026-00032 
Krisp Technologies EX1009 Page 14




