This is some MSU-contributed verbiage to a recent NSF proposal jointly submitted with the
Center for Speech & Lang. Research at U. Colorado. You might be interested in the yellow
topic below. The paper referenced in footnote 2 follows this page.

Watermarking. Extensive research into the robust watermarking of audio data has be
undertaken in connection with the NGSW project at Michigan State University (MSU).= The
SpeechFind project will serve as a further testbed for deployment of developed watermarking
strategies to further verify the methods in an array of challenging acoustic signal conditions. The
ability to protect intellectual property is of strategic economic importance to U.S. interests while
the ability to authenticate audio streams has both economic and security implications.

Language Modeling. The principal focus of the Speech Processing Laboratory’s efforts will be
on various aspects of language modeling for the SpeechFind system. In a recognition problems
of the scale proposed in this work, language models (LMs) are clearly essential, but existing
research, which has focused on relatively constrained data sets, offers little guidance concerning
the effective use of diverse corpora, partitioned corpora, adaptive learning, model fusion, and
similar questions. A primary objective will be to develop predictive assessment tools for
evaluating the performance effects of chanaes in a LM without the need for extensive hands-on
experimentation with the altered LMs. These predictive tools will be based upon recent work,on
a detection-theoretic approach to LM assessment and accompanying software developments.!
Experimental verification of all assessment tools will take place using the vast and diverse
resources of the Vincent VVoice Library at Michigan State.

Of particular interest in applications with large search spaces is research into the effectiveness of
topically-trained LMs. A second key objective of the Michigan State effort will be to research
the effectiveness of such models and the ability to adapt existing models in real time in response
to topics inferred from user queries. Such adaptation strategies would allow a more general LM
to effectively be partitioned into subtopical LMs with results from various partitions weighted
and fused in proportion to the strength of evidence provided by the query. An adaptive LM of
this type could have wide-ranging application from search of data bases for scholarly research to
security systems designed to monitor multiple speakers.

A third objective of the MSU group will be to research the a posteriori use of evolving
recognition results from very-large-scale LMs in the construction and adaptation of smaller, more
specific LMs. A decoding model similar to that used in modeling a communication channel with
burst errors will be explored as a model for decoding models created from “dirty transcripts.”
Related to this issue is the question of performance enhancement of topical LMs by using such
large-scale LMs as a front-end preprocessor for the weighting and cross-referencing of topics.

Speech Processing Laboratory at MSU. The primary engineering research site at Michigan
State University (MSU) will be the Speech Processing Laboratory (SPL), a cognate lab in the
Communications and Signal Processing Laboratories Consortium in the Department of Electrical
and Computer Engineering. Much of the major equipment necessary for this work is already in
place in the SPL and in the general computing environment in the College of Engineering. Some
of the local facilities in the SPL include an array of networked (Windows NT 4) Pentium-I1I- and
IV-class personal computers, SUN Ultra 10 and SUN Sparc 10/30 workstations (Solaris 7), and

! For example, see A. Gurijala, J.R. Deller, Jr., M.S. Seadle, and J.H.L. Hansen, “Speech watermarking
through parametric modeling,” Proc. 2002 Int'l Conf. Spoken Language Processing, Denver, Sep. 2002
(published on CD-ROM).

2 J.R. Deller and Y.P. Yang, “A detection-theoretic approach to the assessment of language models used in
speech recognition,” Natural Language Engineering (in review)
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Abstract

An analytical method for design and performance analysis of language models (LM) is de-
scribed, and an example interactive software tool based on the technique is demonstrated.
The LM performance analysis does not require on-line simulation or experimentation with
the recognition system in which the LM is to employed. By exploiting parallels with signal
detection theory, a profile of the LM as a function of the design parameters is given in a

set of curves analogous to a receiver-operating-characteristic display.
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1 Introduction

Language models! (LMs) are widely used in contemporary speech recognition sys-
tems to structure the decoding process and to improve recognition performance
[e.g. (Deller et al., 2000; Rabiner and Juang, 1993)]. While many classes of LMs,
including adaptive and hybrid languages [e.g. (Torres, et al., 2002; Iyer et al., 1997a;
Kneser and Peters, 1997; Hwang et al., 1994; Lau et al., 1993; Meeter and Rohlick,
1993; Della Pietra et al., 1992)], have been researched, a few simple models, no-
tably the N-gram statistical models, prevail. One of most serious impediments to
the development and testing of new LMs is the inability to assess their performance
without time-consuming simulation or experimentation. This difficulty is directly
and indirectly alluded to in many ways in a compendium of modern speech recog-
nition challenges (Cole et al., 1995). The paper by Iyer et al. (1997b) addresses this
problem for the N-gram models by seeking global and local model features that are
reliable predictors of LM performance.

In the present paper, we develop a new LM design / evaluation tool, the ROC-LM
design tool, which does not require experimentation with the recognition system in
which the LM is to be deployed. The general formulation underlying the ROC-LM
tool exploits a parallel between the theory of binary signal detection and the LM
problem. The LM must be ‘large’ in order to appropriately ‘cover’ the content of the
task language (TL). A ‘large’ LM assures proper ‘detection’ of a valid sentence from
the TL. Conversely, a large LM tends to ‘over-generate’ out-of-TL hypotheses, risk-
ing ‘false alarms’ (out-of-TL utterances accepted as grammatical). For a fixed figure
of merit (ordinarily, some measure of recognition rate), analogous to signal-to-noise
ratio parameterization in detection theory, a trace of ‘over-generation / coverage’
pairs may be mapped in a two-dimensional receiver-operating-characteristic-like
(ROC) plane (Poor, 1994). More generally, the designer may simply use the tool to
monitor performance in the plane as certain design features are varied in the LM.
Unlike the binary detection problem, design ‘toward the northwest’ of the ‘ROC’
plane is (surprisingly) not always desirable in LM design (although implicitly sought
in practical recognizers), and the ROC-LM tool offers a convenient method of track-
ing performance in light of this fact.

The purpose of the ROC-LM design tool is to provide a meaningful ‘first pass’
evaluation of a LM, perhaps as part of an interactive design procedure. Assessment
of LMs is a complex problem, and no claim is made that the present developments
provide definitive, uniquely objective, evaluations of general LMs. However, the
ROC-LM tool, given reliable acoustic models and adherence of the speech material
to certain (tested) assumptions, can provide useful comparisons among different
topologies and statistical models, and guidance for parameter-setting in LM design.
Moreover, the formal mathematical framework underlying the tool will serve as a
basis for further development of the tools and related research. For example, while
the present tool focuses on hidden-Markov-model (HMM) based acoustic analysis
with concomitant unimodal Gaussian scoring, the general ideas can be applied to
the Gaussian-mixture-model based evaluation and inherent LM suggested in the
recent paper by Torres-Carrasquilla et al. (2002). It should also be noted that the
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ROC-LM tool and related developments are quite different, even complementary, to
the work by Iyer et al. (1997b) noted above. In contrast, the present strategy is not
specific to the use of N-gram models, and it does not represent any specific attempt
to modify or account for local features in a LM (e.g., reduction of confusability
by path restructuring). On the contrary, the ROC-LM tool focuses exclusively on
the process of evaluating the efficacy of a LM in the context of a given acoustic
framework, and, in fact, may be combined with techniques suggested in Iyer’s work
in the design or enhancement of a LM.

2 Formulation
2.1 General recognition problem

The developments in this paper are described in terms of word models for simplic-
ity, but they are readily adapted to LMs with other symbolic outputs, for exam-
ple phones or triphones, that would more commonly be used in large vocabulary,
continuous-speech recognition systems.

We structure the speech-recognition problem into the signal detection framework
of Fig. 1 (Poor, 1994). The vocabulary, V, is an exhaustive set of?|V| words (or an-
other fundamental acoustic unit, say V = {wl, e ,w|v|}, including a ‘null” word,
that comprises the TL. If the maximum sentence length is Sy ax, there are on the
order of |L| = |V|S’"*‘x possible sentences (word strings), say, L = {s1,...,s|p}. For
each s;, there will be a (assumed finite) number of acoustic representations (‘pro-
nunciations’). In a speech recognizer, each of these is invariably represented by some
string of acoustic features (often vector-valued) extracted from the speech that is to
be recognized. Let a; denote a complete string of features (i.e., not a single feature
in time). Then we denote by A = {a1,as,...,aj4} the exhaustive set of acoustic
strings used to utter the sentences in L. The set A; = {a;,,a;,,--. ’ai\Ail} C A,
on the other hand, is used to denote the acoustic strings associated with sentence
s;. The pronunciations and acoustic strings are in one-to-one correspondence and
need not be distinguished.

The underlying probability space in the problem is (2,29, P), where P reflects
the ‘true’ (associated with the TL) distribution of pairs w;; = (s;, a;), the sample
points of (2. Formally, when a sentence s; is ‘pronounced as’ a;, then w;; € € is
selected; this occurs with probability P(w;;). Outcome w;; is then analyzed by the
‘transmitter’ using a source classifier, cg(wi;) = 4, which, The underscored symbol
cp indicates a random variable, and, although a r.v. should strictly take a numerical
value, for clarity, we henceforth write as this and similar expressions as cp(w;;) = s;.
At the ‘receiver’ (recognizer), the observation o(w;j) = a; (strictly, o(wi;) = j) is
made. Based on o, the recognition decision rule is
(1) dp(a;) = argrr?n U(syr,a;) = s+ (strictly = %)
in which ¢ denotes the decision statistic (likelihood)

Usinay) = [~lasl " InQaj,50)] +my[~lsil " InQ(s)]



Decision-theoretic framework for evaluating language models 3

Cost Space
8,2

‘ - -Q(si’ s‘,‘) -

L
®:LxL->B (£L,27)

Decision Space
S_R(a j) = 5=
argmax Q(ajls,)Q(sy)

8(a)) : AL

(4,24

(x2h
Language (Parameter)
Space

Acoustic (Observation)
Space

og(0;) : QA
ZCHIEEEY) (% -

(©,2% P)

Fig. 1. Speech recognition structured as a conventional signal detection problem.

(2) = la(ag,si) + gl (si)
where Q(-) is a (probability) measure defined below.(Since all sentences are eval-
uated with respect to the same string, a;, there is no apparent need to include
the factor |a;| in (2). This normalization will be important below.) In (2), £ is de-
composed into negative log likelihoods associated with the acoustic and language
models (subscript ‘g’ on ‘¢,’ to denote ‘grammar’). For generality, we also include
a weight, 14, to scale the relative importance of the grammar and acoustic like-
lihoods in the decision. Finally, the cost function, QR determines the correctness
of the outcome: ¢ (s;,si+) = {1, if i =1:"; 0, if i #4*}. The recognition rate for
the system is given by
(3) PR=E¢,
in which £ denotes the statistical expectation. This rate, or further cost criteria,
may be used to adjust the recognition models.

The distribution @ may be viewed as a ‘noisy probability measure’ over (2,
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an estimate of the ‘true’ distribution P learned through the training process. In
the language space L, there are two critical subsets associated with the distri-
butions P and ). Formally, the task language (TL), Ly C L, is defined as the
subset Ly = {s;|P(s;) # 0;s; € L}, whereas the language model (LM), Ly C L, is
Ly = {s:]Q(si) # 0;s; € L}. Therefore P(Ly,A) =1 and Q(Lus, A) = 1. To avoid
tedious arguments, we henceforth assume that P and @) are approximately uniform
over their support sets with respect to the sentence argument. Generalizations are
discussed in (Yang, 1996).

2.2 Language detection problem

The heart of the speech recognition system is the decision rule dp. In turn, the
‘performance’ of the rule § reflects the quality of the training which is inherent
in the distribution ). The recognition performance can be characterized in terms
of the question ‘How well does () approximate P over the space Q2 = L x A?’. In
this work, however, we are interested in the quality of the LM, and this part of the
training is reflected in the distribution Q(s;) over the set L and the corresponding
term Q(s;), or £4(s;), in dp. The language detection (LD) problem is structured
similarly to the speech recognition problem (see Fig. 2) and is a formal construct
only, which allows the quantified study of the LM as reflected in Q(s;) and dp.

In the LD problem, the initial probability space is (L, 2%, R) with L defined
as above, and R is uniform over all elements in L. R is defined such that the
distributions P and @ induced on L in the recognition problem (Fig. 1) satisfy
P(si, A) = R(s;|Lt) and Q(s;, A) = R(s;|Lar) for any s; € L, with the subsets Ly

and Ljs defined as above. For convenience, we also define subsets (see Fig. 3)
def

(4) Lyr = Ly N Ly (sentences grammatically correct in TL and LM),

(5) Ly- = Ly — Lyt (sentences grammatically correct in LM only).

In the LD problem, a test sentence s; can be selected, with probability R(s;),
from anywhere in L to evaluate the LM. In detection theory terms, the test sentence
s; is then analyzed by the ‘transmitter’ using a source classifier: ¢; (s;) = Lp(s;) =
{1, s; € Ly; 0, s; ¢ Ly}, where I, is the indicator mapping for Lp. At the
‘receiver’ (detector), the observation is the sample sentence itself: o (s;) = s;. The
decision rule is d; (s;) = Iy;(s;) = {1, s; € Ly; 0, s; € Las}. For completeness
(although the ‘output step’ is not used in the following developments): The cost
function is the product ¢ (cr,dr) = cr X 0r, and the expectation of ¢, with
respect to the distribution R is the LD rate, pr, = EA@L = R(Lyr)-

The LD problem is analogous to a classical binary channel problem [e.g., (Poor,
1994)] with the following hypothesis structure (letting s; € L be a test sentence in
a given trial):

(6) Hy : cr = 0 (Sz §§ LT) and H; : cr = 1 (Sl‘ S LT),
and the following decision structure:
(7) Dy : éL =0 (Sz ¢ LM) and D; : éL =1 (Sl S LM)

The ‘channel transition’ probabilities associated with this problem are: R(Dy|H;) =
R(4; = 1|c;, = 1) [conditional LD rate (hit-rate), related to LM ‘coverage’ described
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P = EQL

8(s) : L—B

@(Si) :L—>B

o_L(s,.) L>L

€24 p)

Fig. 2. The ‘LD problem’ viewed in a conventional signal detection framework.

~Correct Rejection
L—Ly—Ly

Fig. 3. Illustration of the four ‘hypothesis / decision’ conditions associated with the LD
problem: detection, false-alarm, miss and correct rejection. It is important to recognize
that the ‘LD problem’ is a conceptual framework for evaluating the LM. In the use of the
LM in practice, the condition corresponding to neither Ho (an utterance outside Lr is

spoken) nor Dy (a sentence outside the LM is recognized) can occur.
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below]; R(D1|Ho) = R(d;, = 1|c; = 0) (conditional false-alarm rate, related to LM
‘over-generation’ described below); R(Do|H;) = R(d; = 0O|c; = 1) (conditional
miss rate); and R(Dy|Hp) = R(d;, = 0|c;, = 0) (conditional correct rejection rate).
Figure 3 illustrates the set relationships among these four probabilities in the lan-
guage space L. Note that these channel probabilities capture the ‘performance’ of
the distribution ¢ with respect to the LM, since it is upon @ (via dp) that the
decisions are based.

The analysis of the LM model is based on an ROC-like characterization of the
LD problem. The impetus for using ROC analysis in LM design derives from a
design trade-off, analogous to the ‘detection / false-alarm’ phenomenon that occurs
in signal detection. A LM needs to be ‘flexible’ (L sufficiently large) so that the
complete set of TL sentences can be hypothesized during recognition. However,
if the model is so flexible (|Las| >> |Lr|) that many sentences outside of Ly
are hypothesized, the computation cost is increased and the recognition rate is
decreased.

In these heuristic terms, the performance of a LM is mathematically described by
two parameters, ‘coverage’ and ‘over-generation.” The coverage, Cys, of the LM is
exactly equivalent to the conditional hit rate of the LD problem and it reflects the
probability that a sentence in the TL will be hypothesized (‘covered’ in the sense
of Fig. 3) by the LM. Note, therefore, that

(8) Car = R(D1|H1) = R(6;, = 1]y, = 1) = R(Lum|Lr) = P(Lar) = P(Larr).
The over-generation, Oy, is defined to be an a posteriori false alarm rate
(9) Om = Rlep = 018, = 1) = R(Ho|Dy).
O\ differs from the proper false alarm rate R(D;|Hp) only by a scale factor, which,
in turn, avoids the occurrence of very small numbers in the analysis.

Having defined the key measures Oy, and Cjy, we abandon the use of distribution

R and return to the exclusive use of P and its ‘estimate’ (). The next task is to
integrate the LD and general recognition problems.

2.3 Integrating the LD and recognition problems

It is not difficult, beginning with (3) and using definition (8), to show that
(10) pr=Cu Y P(6g=silcg = s:)P(cg = silLur)

si€LmT
Practical computation of this rate, and further integration of the LD results above,
requires further characterization of the decision statistic (likelihood) introduced
in (2).

Experimental evidence (Yang, 1996) suggests a simple model for the likelihood
£(s;,a;) that is amenable to the present purpose. We avoid unnecessary formality
and simply assert that the likelihood values over the sentences in the LM can be
modeled as outcomes of one of three r.v.s, the selection of which depends on certain
conditions. It is important to understand that these r.v. models are for analysis and
design purposes only. In particular, knowledge of the conditions under which they
apply would be unknown in the practical deployment of the LM. The r.v. models
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are:

(11) 41,1 ~ fl,l(
(12) 4o ~ fro() (models (s;,a;) when s; € Lyr and a; € A;);

(13) Lo ~ foo() (models €(s;,a;) when s; € Ly~ and a; € A;).

The notation £, ; ~ fi 1, for example, means that r.v. £, ; generates values governed
by probability density function (p.d.f.) fi1. Note that either (12) or (13) is used
when the sentence hypothesized is an element of L ;. The significance is that s; is
grammatical in both the LM and the TL (s; is a ‘covered’ element of the TL), hence
represents a sentence that is conceivably uttered. On the other hand, (13) is the
appropriate model when s; is an element of Lj,— (the LM only), corresponding to an
‘overgenerated’ sentence that is theoretically never uttered. In each case, the initial
subscript on the r.v. indicates whether the hypothesized sentence is grammatical in
the TL, that is, whether s; € Lasr (subscript 1), or not, (s; € Ljs-, subscript 0).
These conditions correspond to hypotheses Hy and Hy of (6), respectively. Further
recall that A; denotes the set of acoustic strings corresponding to hypothesized
sentence s;, 4; = {aj|P(a;,s;) > 0}. We similarly define A; appearing in (12)
and (13) to be the complementary set of acoustic strings mot corresponding to
sentence s;, 4; = {a;|P(aj,s;) = 0}. The second of the two subscripts on the
r.v.sin (11) — (13) indicates whether the acoustic string being evaluated corresponds
to the hypothesized sentence, that is, whether a; € A; (subscript 1), or not (a; € A;,
subscript 0). It is worth noting that a sentence that is grammatically proper in the
TL only (‘L7_") would not be evaluated since it would not be hypothesized by the
LM.

The simple conditional r.v. model of the total likelihood is the consequence of the
appropriateness of similar models of the language and acoustic evaluations. In the
‘grammar-level’ evaluation of an hypothesized sentence, the likelihood outcomes,
according to empirical results, can be modeled by two r.v.s:

(14) Eg,l
(15) £,0 ~ fgo(-) (models grammar evaluations when s; € Ly/-).

(models #(s;,a;) when s; € Lyr and a; € A;);

)
)

~  fg1(-) (models grammar evaluations when s; € Lys7);

The latter is appropriate when the sentence being hypothesized cannot be generated
by the TL (note that it must be generated by the LM), corresponding to Hy in (6);
the former is conditioned upon knowledge, corresponding to H; in (6), that the
evaluated sentence is TL-grammatical.

Finally, and not surprisingly, the acoustical evaluations depend on the correctness
of the hypothesized sentence rather than any specific grammatical considerations.’
For present purposes, two r.v. models are required
(16) Loy~ fai1() (models acoustic evaluations when a; € 4;);

(17) lyo ~ fao(-) (models acoustic evaluations when a; € A;).

The former is appropriate when the a; represents an utterance of the sentence being
hypothesized; the latter when the hypothesized sentence is incorrect. Note that the
latter must always be used when s; € Ly/-.

Now, assuming that the acoustic and language information can be used to find
the relevant p.d.f.s for the total likelihoods, it is shown in (Yang, 1996) that these
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p.d.f.s, the i.i.d. assumptions on the component r.v.s, and the assumption of ap-
proximate uniformity of sentence occurrence, lead to the following expression for
the recognition rate:

o= Pl [ Fa(© @1 (@71 g
(18) = Cu /OOO f11(6) [Foo(f)]|LM_|[Fl,o(ﬁ)]lLMT‘_l d¢

where
(19) Fo,o@)d:“[/ foo(€) dg'} and Fro© 2 [ ofe) ae”
3 13

With equally-likely sentences, we may write that |L'| =~ Q(L')|Lys| for any subset
L' C Ly, and that |L'| & P(L")|Ly| for any subset L' C Ly. In these terms,

(20) |ILmr| = (1=0n)-|Ly| = Chu-|Lrl,
Cum
21 L = ——|L
(21) L] o Ll
(22) and Oy = 1—C—M|LT|.
| L]
Similarly,
C Cy O
(23)  |Lay-|=Lu| = L7l = —5—|Ly| = Car - |Lp| = 722 L.
1-0Oum 1-0Oum

Consequently (18) can be expressed in terms of the over-generation, coverage, and
size of the TL by writing the exponents |Ly,-| and |Lprr| — 1 in terms of (23) and
(21), respectively.

PR is the performance measure used in assessing the quality of a LM below. Note
that pr is a very conservative measure in that it expresses the fraction of perfectly
recognized sentences. More liberal measures, such as rate of sentences with one
word substitutions, can be derived in a similar manner. We now turn to the task
of estimating the density functions necessary to compute pg.

2.4 Estimating the probability densities

2.4.1 Acoustic likelihood

This subsection further characterizes the acoustic likelihoods, (16) and (17), and
explains how their density functions are estimated in the ROC-LM tool.

The performance of any recognition system depends critically upon the quality
of the acoustic-level interface with the speech. In assessing a LM with the ROC-LM
tool, the training of acoustic models is assumed to be fixed and characterized para-
metrically as described below. In this work, discrete-symbol, whole-word, HMMs
are assumed to model the speech at the acoustic level, but this represents ex-
perimental convenience rather than a restriction of the method. In the following
discussion, therefore, we speak in terms of word-level HMMSs. The analysis remains
fundamentally the same if a model for other unit such as a phoneme is employed.

There are seven important acoustic parameters ‘at the word level,” and four
related ‘sentence-level’ parameters, that are central to the acoustic partition of the
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tool. We denote these seven and four numbers as elements of acoustic parameter
sets P and P,, respectively,

(24) Py = {PLop¥ 1, 1m0, 080, w1, 0% €} and P, = {10,05 Ta,05 Hay1 Ta,1 }
The superscript w is a reminder that these quantities pertain to word-level models.
The sets P and P, are assumed fixed once LM design or evaluation begins.

To understand the meaning of these acoustic parameters, let us suppose that
a (unknown) sentence represented by acoustic string a; is determined, according
to decision rule (1), to contain the word w;. Let a} denote the substring of a;
that is appropriated to the HMM for w; in the maximum-likelihood decoding. The
number py’; is the probability that the acoustic model for w; is capable of actually
generating aé given that w; is the correct word, while py, is the similar quantity
when w; represents a word substitution. p;’; reflects the quality of the training in
the sense that 1 — py; is essentially the probability of occurrence of one or more
untrained symbols in the HMM for w;. For a sufficiently large vocabulary, good
training will result in py'; >> p;’y. The per-symbol acoustic-level likelihood, say

. .1 .
(25) lo(af|w;) = —[a%| " In P(aj|w;),

has been found empirically to be relatively independent of w; except for the depen-
dency upon the correctness of the word (Yang, 1996). In the following we denote by
53’71 and ﬁf’o the r.v.s which model the word-level likelihood, conditioned upon w;
being correct and incorrect, respectively. When w; is correct (and the HMM can pro-
duce aj-), ﬁgil is approximately Gaussian distributed with mean yy’; and variance
[0, ] ? whereas when w; represents a word substitution (and the HMM can produce
a%), then £, is Gaussian with mean p, >> p¥, and variance [05’70]2 > [031”71]2.
Consequently, the p.d.f.s for £, and £, are,

(26) a:0(6) (1= pzo) 6(& =€) + pao N (& kaor0a0)

(27) fan (€) (1= pg1)0(§ —€) +pas N(& pa,051)

respectively, in which A designates the Gaussian (normal) density with the param-
eters specified as arguments. The Dirac impulse function, §, appears in each density
to account for the discrete probability [either (1—py,) or (1—py;)] that the string
aé- cannot be produced by the HMM. In this case a ‘penalty’ likelihood, € (which is
theoretically infinite), is assigned to this part of the path.

X

X

In the ROC-LM system, the linguistic unit to be recognized is a sentence rather
than a word. The derivation of an approximate statistical model for the sentence-
level acoustic likelihood, €,(s;,a;) [see (2)], based on the word-level models above,
is a straightforward but tedious exercise in combinatorics. Let Lgf,? indicate the set
of all sentences in the LM that differ from the spoken sentence by exactly d words.
For a sentence of length S words, the resulting conditional density for £,(a;l|s;), is
given by (Yang, 1996),

€L = Egzof\/ (g; ke + Skig1, VSk ol )BE L - pe] ] d=0
Eko:O Ek::(] N(£7 ,ua,O(d)a Ua,O(d))eko (d)€k1 (d) 7d 7£ 0

(28)

for any d € [0, S], where, ko € [0,d] (k1 € [0,S — d]) is the number of times £, ,
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(£,,1) takes the value € [see (26) and (27)], and

Sy = S—k
Hao(d) = (ko +ki)e+ (d— kO)Mg,o +(S—d- kl)ﬂ}h
Ganld) = \J(d=ko)loo? + (S —d— kn)low,]?
, ko g 1d—Fk
€ko (d) = Blcclo [1 - pZLL,O] ’ [pa,O] ’
(probability of ko occurrences of £, = € in d outcomes)
_ kip g, 15—d—k
€k (d) = Blfl ¢ [1 - pg],l] [pa,l]
(probability of &1 occurrences of £;; = € in S — d outcomes)
!
By = ﬁ (binomial coefficient).

It follows that the p.d.f.s for the (sentence-level) acoustic likelihoods as defined in
(16) and (17) are given by (all quantities defined immediately above)

S d S—d
(2900 ~ fao© = D Q(LY) 3o 0 N(E tao(d), 0u0(@)er, (@)er, (@)
d=1 ko=0k1=0

S
SN (& ke + Seut s, /Skoy) 88 [1 - pe ] iy ] %
k=0

(30)La1 ~ fa,1(§)

The probabilities Qs (Lg\}l)) can be estimated in practice using the average branch-

ing factor for the LM, say, B ~ |LM|1/S, from which we may write
a (B-1)" _ s(Lul" — 1)
(31) Q (L87) ~ 85 "o ~ 85

| L]
(Note: Zg:o Q (LS\‘?) =1)

Asimplied by these r.v. models, in practice, the acoustic likelihoods tend to be rel-
atively independent of the sentence evaluated (except, of course, for the conditions
of correct and incorrect hypotheses). Further, each of the two r.v.s used to model
lo(si,a;) is approximately Gaussian distributed, a result that is not surprising in
light of (29) and (30) and the fact that the likelihood outcomes for various values of
d would tend to be uncorrelated. Therefore a straightforward way to obtain f, o(-)
and f,.1() is to estimate the parameters of the set P, directly by experimentation.

2.4.2 Grammar likelihood

Onr and Cyy are defined as conditional probabilities in (8) and (9). Cys is based
on the hypothesis structure, H; and Hy, [see (6)], while Oy is based on decision
structure, Dy and Dg [see (7)]. Therefore, characterization of a LM using Op; and
C'y requires two sets of design sentences. Let X7 denote the set containing TL-
grammatically-correct sentences which are randomly chosen from the TL, and X
denote a set of sentences randomly generated by the LM.

To obtain C'y;, X7 is input to the LM to be evaluated. Suppose that there are Ny
sentences in X7 that are not elements of Ljs or that do not have finite likelihoods.
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Then C'ys is estimated as

(32) Cu = 1= (No/|X7]).

To obtain Oj;, sentences from the set X, are fed into an observer which can detect
whether they are elements of Lp. If N} sentences cannot be generated by the TL,
then, in principle, Oy; can be approximated by

This simple method, however, is unrealistic in many speech recognition problems
since the grammar associated with the TL may not be explicitly known. Equa-
tion (22) provides an alternative method for estimating Oy and fy 0, given knowl-
edge of Cys, |L7|, and |Lps|. Let us assume that |Ly| can be estimated by the
designer, and that C'ys is estimated as above. Then the problem of estimating Oy
becomes one of estimating |Las|. For a small LM, |Ljs| can be obtained by sim-
ply enumerating all possible sentences. For a large LM, |Ljys| can be estimated by

averaging the log probabilities of sentences in Xy,
| Xaa]

(34) Lyl mexpq —[Xu| ™ > InQ(sy)
i=1

Now let us consider the grammar likelihood models £ o1 and £ 4,0 and correspond-
ing p.d.f.s. The estimation of p.d.f.s in this case is straightforward. In addition
to the two r.v.s £9,1 and ﬁg’o, we will have a brief need for a composite grammar
likelihood model,

(35) Lonr(s:) = —lsil " I Q(s:) ~ fo,m(€) = QL) fy.0(6) + Q(Larr) fy,1().
The p.d.f. f;1 is determined experimentally by creating a likelihood histogram for
the |Xp| — Ny sentences favorably evaluated in estimating Cps in (32) above. A
normal p.d.f. is fit to this histogram, inherently producing the statistics py,1 and
0g.1- fg,m can be determined similarly. Then f, ¢ is estimated using (35):

_ Jou(©) = A= 0m)f51(§)

(36) fg,o(f) = Ou (E;ﬂg,OaUg,O)'

where the approximation indicates fitting to a Gaussian p.d.f. Because of the Gaus-
sian assumptions, the grammar likelihoods are characterized by the simple param-
eter set

(37) Py = {14,0,09,0,1g,1,04.1}

2.4.3 Total likelihood and related density functions

According to (2), the total likelihood associated with a pair (s;,a;) is the sum of
the acoustic and grammar likelihoods. Because of the assumed independence of the
two evaluations, we may write, for example,

(38) b1y =L,y + L1~ f11(8) = fi1(&a +mgly) = /0 fa,1(&a) fon (%i) déa,

and similar expressions for fi o(-) and fo0(-). The Gaussian (plus impulses) forms of
the p.d.f.s permit simple manipulations of means and variances to produce the de-
sired results. Once the appropriate density functions are estimated, the recognition
rate (or similar figure of merit) can be obtained using (18).
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The outcome rate computation (18) is clearly dependent upon the weight value
ng employed in (2), and also the sentence length ‘S” assumed in deriving the acous-
tic densities. The choice of 7, reflects the reliability of the grammar information
in the LM relative to that of the acoustic knowledge. When sentences are truly
equally-likely in Lz, then 5, should theoretically be set to zero as the product 1,4,
otherwise produces a bias that contributes nothing but additional computation.
The uniform sentence distribution, however, is usually a necessary, but reasonable,
assumption in the absence of good modeling information, rather than reflective of
precise knowledge about the grammar. In this case, the n, can be used to maxi-
mize the benefit of the grammar likelihood. Concerning the dependence on ‘S|’ the
acoustic density derivation can be modified to accommodate statistical models or
precise knowledge of variability in the sentence lengths in the TL. However, such
knowledge is usually not available. It is reasonable to assume that an ‘average’ value
for S will provide meaningful relative performance measures across TL configura-
tions, especially as the sizes of Lj; and Lt increase. Limited experimental evidence
affirms the validity of this assumption, and future research and deployment of the
design tool will produce further evidence on this point and perhaps ways to more
flexibly integrate the sentence-length information into the analysis.

3 ROC-LM design tool

This section will overview the salient features and operation of the example ROC-
LM tool. Details are found in (Yang, 1996). The analysis performed by the ROC-LM
design tool in evaluating a family of LMs is summarized on the display referred to
as the ‘ROC-LM plane.” Each point in the ROC-LM plane represents a (Opr, Cir)
pair, hence a nominal LM with respect to a nominal TL.

Performance measures [in the present case, pg using (18)] are computed for each
of grid points on the ROC-LM plane, accounting for the given acoustic environ-
ments. Contour plots parameterized by performance measures are then plotted in
the ROC-LM plane. Any specific LM to be employed with the given acoustic models
can then be evaluated by computing its (Oas, Cas) pair and plotting it on the plane.
The designer can easily observe the ‘motion’ of the model when its parameters are
modified, and ‘move’ the LM to approach a design goal.

The complete ROC-LM design tool package consists of several software modules
which are diagramed in Fig. 4. The top block includes the two-dimensional ROC-
LM plane with coverage, Cys, as its vertical axis and over-generation, Oy, as its
horizontal axis. The contour plots and design points are plotted in this plane as
described above. For present purposes, an X-window version of the ROC-LM design
tool was implemented with MATLAB graphics support.

As an important research instrument, the language portion of the ROC-LM de-
sign tool is equipped with a module that can train and evaluate IN-gram models
for N = 2 and 3 (bigram and trigram), and hybrids of bi- and tri-gram models
(‘bi-tri-gram’). This subroutine is further described in the context of ‘Case II’ in
Section 4.2.
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Fig. 4. Four blocks of the ROC-LM design tool: Display window, Recognition rate

evaluator, LM evaluator, and the Control panel & designer interface.

Based on the developments above, the basic operation of the ROC-LM design
tool is summarized as follows:
Initial parameter estimation: The parameters characterizing the acoustic envi-
ronment [set P, in (24)] are experimentally or otherwise determined. The means
and variances of random variables £, , and £, ; are obtained from histograms of
acoustic evaluations. The size of the TL, |Ly|, and the average sentence length
in the TL are measured or estimated. The relative weighting, n,, of the language
likelihood is specified (may be determined experimentally).
Analysis of changing LM topologies with invariant likelihood statistics: In
this case, it is assumed that the underlying model of the language likelihoods (in par-
ticular pg.0, 04,0, fg,1, and o4.1) do not change significantly with changes in the LM
structure. An n x n grid is conceptually superposed on the two-dimensional ROC-
LM plane (e.g., n = 25). Each grid point represents a over-generation—coverage
pair (Opr,Chy). For a given LM (or set of LMs to be ‘averaged’), assumed to be
statistically typical of the LMs to be tested in this analysis, the means and vari-
ances of random variables £, , and £, | are obtained from histograms of language
evaluations. With these data, the recognition rate is calculated at each grid point
according to (18). Contour plots of constant recognition rates are plotted on the
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ROC chart for reference. For a LM to be evaluated, Oy; and Cjs are measured
and the corresponding point is located on the ROC plane, thus yielding an imme-
diate performance measure for that model. As various parameters and features of
the LM are changed, a trajectory is made by connecting the locations of resulting
(Om, Car) pairs on the ROC-LM plane.

Analysis of constant LM topologies with varying likelihood statistics: In
this case, the nominal task is to ascertain the effects of varying statistical models
of the language likelihoods (in particular pg0, 04,0, tbg,1, and o41), on the perfor-
mance of a fized LM topologies (in particular with fixed values of Oy and Cyy).
In principle, for each liklihood model to be studied, a set of contours parameter-
ized by recognition rates is plotted in the ROC-LM plane. (For simplicity, consider
comparing two likelihood models, each generating its own set of contours as il-
lustrated in Fig. 5.) A ‘fixed” LM topology, corresponding to a single (Ons, Cir)
pair, will fall on a different contour for each likelihood model, indicating different
performance measures for each model. For example, in Fig. 5, the language model
labeled ‘LMs’ corresponding to a fized (Opr, Car) pair (lighter gray marker), falls on
the 93 percent rate contour (labeled ‘old 93’ — solid contour curve) under the ‘old’
likelihood model, and simultaneously the 97 percent rate contour (labeled ‘new 97’
— dotted contour) under the ‘new’ likelihood model. Clearly, the ‘new’ likelihood
model is more discriminative since better performance is contained from the same
LM structure. The improvement in recognition rate is not as large for the model
labeled ‘LM’ [appearing on ‘old 93’ (solid) and ‘new 95’ (dotted) contours] un-
derscoring the highly nonlinear relationships among the coverage, overgeneration,
and likelihood structures of the model. It is further possible to assess the apparent
change in the LM topology that is actually caused by the change in the likelihood
model. For example, if we locate the nearest LM to LMy on the ‘new 93’ contour
(because the recognition rate prior to the likelihood change is 93 percent), we see
that a significant improvement in coverage and a small decrease in overgeneration
are necessary to effect a change from 93 to 97 percent recognition rate in the new
likelihood context. The ‘relative motion’ of model LM; in the ROC-LM plane is
not as great. In general, the most favorable improvements are those that cause the
most significant movements toward the ‘northwest’ corner of the ROC-LM plane
(Oum =0, Cpy = 1), assuming that such movement is in the direction of improving
recognition rate.

4 Applications and examples
4.1 Speech material, acoustic-level analysis, and task languages

Some design studies are presented to illustrate the use of the ROC-LM tool. In ev-
ery example, the acoustic-level models are whole-word, six-state, discrete-symbol,
HMMs with a Bakis topology. Feature analysis is based on eight mel-cepstral pa-
rameters and their differences, power, and differenced power. Features are computed
on 256-point frames which overlap by 128 points. Twenty total mel-cepstral coef-
ficients covering the 8 kHz Nyquist range are computed for each frame. The sym-
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Fig. 5. An illustration of a ‘relatively’ changing contour plot with the topology of the LM
unchanged, but probabilistic structure of the LM varied. The label ‘old 95,” for example,
represents the old contour curve for recognition rate 95 percent, while ‘new 95’ represents
the performance with a change of the LM with new probabilities. Although LM, for
example, does not ‘move’ in the plane due to a change in probabilities, it can be viewed
as having undergone a relative motion. In the new probability structure, LM, achieves
97 percent recognition rate, but only 93 percent before the change. The relative motion
of LM> is shown as the mapping from 93 percent to 97 percent in the new probability

setting. The relative motion is highly dependent upon location in the ROC-LM plane.

bols are drawn from a 128-point codebook according to customary methods. The
Baum-Welch reestimation is used to train each HMM. For details on these standard
acoustic-modeling techniques are found, for example, in (Deller et al., 2000; Rabiner
and Juang, 1993). Data for the experiments are taken from the TI-46 (Doddington
and Schalk, 1981) and the TIMIT databases (NIST, 1988).

The acoustic parameters [see (24)] for the TI-46 and TIMIT databases are esti-
mated using extensive experiments with material from the respective databases. In
these experiments, known word boundaries (provided in TI-46, and inferred from
transcription records with TIMIT) were used to estimate the density parameters for
both ‘0’ and ‘1’ conditioning information. Not surprisingly, the TI-46 results reflect
more consistent acoustic performance. The seven word-level acoustic parameters
for TI-46 and TIMIT are:

(39) Pliiss = {52,1.8,0.01,0.85,1.1,0.97,20.1} and
(40) P;‘jTIMIT = {48, 26, 003, 085, 092, 093, 68}
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Fig. 6. By clicking on the button ACOU PDF, the two Gaussian p.d.f.s associated with
the acoustic-level evaluations are shown on the LM-ROC WINDOW.

Figure 6 shows the experimental TI-46 density functions for the random variables
Lao and £ | Initially, the penalty likelihood, e, is set to 10.

Two TLs are employed in these experiments. The first involves an oral spelling
task in which letters play the role of ‘words’ in the language and a complete spelling
of a word comprises a ‘sentence.” The grammar of the spelling TL is the set of
rules for creating English words from alphabet symbols. Words (sentences) used for
training and testing the LM were taken from the sports column of the San Jose
Mercury News.

The second TL is an artificial digit-string (ADS) language described in the Ap-
pendix. The ADS language appears on page 621 of (Deller et al., 2000) as a pedagog-
ical illustration of the structure of a formal language. It is used here to demonstrate
how the ROC-LM can be employed to find the optimal (or sub-optimal) settings for
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an adaptive LM. The ADS language is useful in the assessment of the design tool
because it is quantitatively well-defined from the lexical through pragmatic levels.
Accordingly, the size and generation rules at each level can be exactly calculated
by the ROC-LM tool, providing a precise TL against which to quantify the per-
formance of any LM. For the spelling TL, the size and rules of the language are
less-well specified, although an ad hoc procedure such as the use of a dictionary can
be employed. The problem of accurately estimating the complete structure and size
of the underlying TL becomes more difficult as the task becomes more complex.

4.2 LM design case studies

4.2.1 Introduction

Three LM design case studies are presented, each of which illustrates a different
feature or use of the ROC-LM tool. The first case study involves the design of N-
gram (N = 2 or 3) spelling LMs and explores the effects of the amount of training
on the performance of the LM. The second case study extends the spelling LM
problem to the design of a hybrid bi- / tri-gram language and considers issues of
computational complexity. The third case study is concerned with the design of an
adaptive LM.

These case studies will demonstrate the flexibility of the ROC-LM tool as a design
aid. At the same time, it will be appreciated that the tool is an exploratory device
to be used in an ad hoc manner. There are 21 adjustable parameters on the ROC-
LM control panel [see Fig. 6], and there is no specific design scheme that assures
the discovery of ‘optimal’ parameter settings. Frequently, it is true that the most
effective parameter changes (in the sense of improving recognition rate) are those
which move the LM (real or relative motion) toward the ‘northwest’ corner of the
ROC-LM plane. This is generally in the direction normal to the local contour curves.
This is not always the case, however, and the ROC-LM tool provides guidance in
assessing the various tradeoffs in the process.

4.2.2 Case I: N-gram spelling LM (Effects of training set size)

We seek an N-gram (N=2 or N=3) LM and an assessment of the appropriate num-
ber of training sentences for an alphabet recognizer for the spelling TL. In spite of
the small vocabulary size in this case (26 letters of the alphabet), recognition of
individual alphabetic characters is often difficult due to the acoustic confusability
of letters [e.g., Ch. 10 in (Deller et al., 2000)]. An N-gram LM is often employed to
approximate spelling rules and decrease entropy. The amount of training material
for such a LM represents a trade-off for the designer. Too few training sentences
result in insufficiency of ‘word’ concatenation information and causes low TL cov-
erage, Cyr. Meanwhile, too many training sentences result in generation of many
extraneous letter combinations thus increasing overgeneration, Oyy.

Bigram and trigram LMs are evaluated and compared on the ROC-LM plane.
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Pir1.46 [see (24) and (39)] is used to model the acoustic context. The penalty and
weight values, € and 7, are initialized to zero. Since n, = 0, the statistics 4,0, 04,0,
tg1 and o4, do not effect recognition rates and are arbitrarily initialized. The
‘sentence’ length S is set to the average word length in the training material. The
TL size is assumed to be 1,000. The initial axes over which Op; and C)j; are plotted
are both set to view the full zero to one range. Once the acoustic information is
initialized, we click on the button ACOU PDF to show the two conditional Gaussian
density functions for the acoustic likelihoods £, and £, ; (see Fig. 6).

Following initialization, the embedded routine bigram_train is invoked. This rou-
tine conveys the acoustic parameter settings, the number of training sentences, and
a random integer seed, from the ROC-LM control panel to the LM design mod-
ule, then prepares a training context for the LM evaluation program. By clicking
on the button APPLY LM, a circle at (Opr,Chr) = (0.994,0.482) appears on the
ROC plane. To center the plot, we change the range of ROC plane by moving slider
switches labeled COVER LF (coverage, ‘left’ axis extreme) to 0.44, and OVR-G LF
to 0.992.

To test the effect of the number of training sentences on LM quality, the slider
PRM #1, representing the number of training sentences, is moved through the
sequence, 100, 190, 280, 370, 460, 560. APPLY LM is clicked each time PRM #1 is
changed. The Oy, Cys trajectory appears in Fig. 7(a).

To test sensitivity of the random seed, PRM #2 is moved from 177 to 1,997, and
LM LOCATOR is switched from ‘red circle’ to ‘red x.” The trajectory marked ‘x’
in Fig. 7(a) results as PRM #1 is moved backward through the sequence above.

Next, similar procedures are followed to explore a trigram LM using the routine
trigram_train, with the exception that the initial value of PRM #1 is changed from
100 to 1000, and all subsequent values are increased by a factor 10. The results
appear in Fig. 7(b).

Resulting bigram and trigram performances are plotted simultaneously in Fig. 7(c).
It is observed that the trigram trace appears to the ‘west’ (smaller overgeneration)
and initially slightly ‘southward’ (worse coverage) of that for the bigram LM. If the
size of training set is limited, for instance at 550, the bigram LM achieves a bet-
ter recognition rate than the trigram due to the bigram’s larger Cps. The trigram
LM always achieves a lower Oy, which is benefits recognition rates if the training
material is unlimited so that the trigram’s C's; achieves a comparable value to the
that of the bigram. However, in this case, the prospect of achieving similar coverage
with the trigram does not appear promising because of the flat contour plot, which
implies the Cjs dominates the recognition rate. If however, the trigram contour
continues to rotate counter-clockwise with more training, the trigram LM may out-
perform the bigram in both measures of Oy; and C)s as the bigram appears to have
reached a point of diminishing returns with increased training.

The random seed represents different sets of training material. Not surprisingly,
the smaller size of the training set, the more sensitive the result to the selection of
the training material. For example, there is a 4.5 percent difference in recognition
rate for a bigram LM when the two different sets of training material are of size
100. When the size is increased to 370, the difference is less than 1 percent.
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Fig. 7. Design Case I results. (a) Bigram performance when the slider PRM #1, represent-
ing the number of sentences in training context, is moved from 100, 190, through 550 with
PRM #2 (random seed) at 177. A trajectory marked by circles is formed. The random
seed is then changed to 1997, and PRM #1 moves backward from 550 to 100. Another

I

trajectory marked by ‘5’ is traced on the panel.

4.2.8 Case II: Hybrid bigram /trigram spelling LM (Complexity issues)

The task is to use the bi_tri_gram_train routine embedded in the LM-ROC tool
to design an hybrid LM for the spelling task. There are three parameters in the
bi_tri_gram module that control the p.d.f. of the likelihood measure, and the Oy,
and Cjs of the LM. These three parameters are the weight, penalty and prun-
ing threshold. The weight, ny; (subscript ‘bt’ denoting ‘bi-tri-(gram)’), controls the
relative importance of the bi- and trigram outcomes. If ¢, and ¢; represent the
grammar-level likelihoods using bigram and trigram LMs, respectively, then the
hybrid likelihood, £, is

(41) ly = (1 —mpe)ly + mpely, with 0 <y < 1.

If a bigram representation of a message appears in the LM, but the trigram does
not, then ¢, is set to the penalty value, € (theoretically infinite). Finally, if ¢,



20 Deller and Yang

Speech Processing Lab
Michigan State University [ ROC-CONTOUR CONTROL PANEL |

HU_RO I 5.20 | TR _—_L_Jumm

SIGMA_AD | 1.80

P”_RO
HU_A1

SIGMA_AL | 1.05

-
P7_Al I 0.97 | [FRRR L
EPSILON ' 20,1 |E L_E

| WEIGHT l 0.00

MU_HO 0.64

COVERAGE

s1iGhA_Ho [0.10 | T_F

MU_H1 I 0.53

SIGMA_H1 | 0.16

; i i i ;
0% oBh-ceneRATion P ! SNt Len [T5 [ _mm|

TL SIZE | 1000

[ LANGUAGE HODEL DESIGN PANEL |
[Frdesd — [1557.0 COvER LF [0.24 ([ TR
Design LH trigram_trair] PR 42 1997.0
I 77 L1 || 1997 RT [1.00 | T
PRM #1 [WofTrnéntnc [166756" PRH #3 [Fone I1.0 ovR-G LF [0.52

100

i Locator [ g g
| coNTOR | Acou POF| EX 1T |

| APPLY LM | CLEAR LM | MaskER EFFECT| MK PDF| l uLC R.R.| CLR uLe’s|

I 1000 |1.0

Matlab CHMD: |I '

RT | 1.00

Fig. 7. [continued] (b) Similar experiment for the trigram model except that PRM #1

ranges from 100 to 1000.

is above the predefined pruning threshold, t;;, then the hypothesized sentence is
pruned.

Computational cost is an important consideration in many applications. If the
stack size is infinite, then the computational cost of searching a LM is proportional
to |Lpz|. The threshold parameter ¢ employed in the routine bi_tri_gram is used
to control the effective size of the LM, as we demonstrate below. Note that if
tpe = oo (no pruning takes place), size of the hybrid LM is identical to that of the
bigram, and the Cj; values of the models are also equal. The same Cj; and the
same LM size imply the same Oj;. Consequently, when the threshold parameter is
infinite, the Ops and C); values remain unchanged, and the LM remains at the same
location in the ROC-LM plane, regardless of the weight 7, and the penalty value
€pt- Nevertheless, when both bigram and trigram models are present in the training
context (mp: > 0), the likelihood of a sentence evaluated against the bi-tri-gram LM
is the linear combination of bigram and trigram evaluations as in (41). Although
the Oy and Cjy remain the same, the recognition rate contour plot is changed, a
trajectory can be made by transforming the previous locations of the LMs to the
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Fig. 7. [continued] (c) Comparison of bigram and trigram performance for upper range of

overgeneration.

relative new locations for the new contours. The issue of ‘relative motion’ of the
LM under such conditions is discussed in general in Section 3.

The basic setup and acoustic initialization procedures and parameters are iden-
tical to those in Case I. A pure trigram model (7;; = 1) is initially employed which
has a (Opr,Chr) coordinates at location ‘[1]’ in Fig. 8(a), and grammar statistics
[recall (37)], P, = {5.61,1.44,1.70,1.71} which appear on the appropriate fields on
the design panel. The pruning threshold is set to ‘infinity,” ¢;; = 100. A bigram
model is then incorporated by sliding PRM #1, programmed to represent 1, from
1.0 to 0.66. After clicking on APPLY LM, the grammar statistics set is changed
to Py = {4.17,0.97,1.46,1.16} but the Oy and Cps remain the same (see discus-
sion above). To illustrate the ‘relative motion’ (see Section 3) of the LM under the
changing liklihood structure, the contour plot is reestimated by clicking on CON-
TOUR. The newly-estimated contours are shown as the heavy lines on Fig. 8(a).
Simultaneously, the ‘old’ LM is transformed to a ‘relative position’ with respect to
the new contour plot, location ‘[2]” on the panel in Fig. 8(a). The change is seen to
be a detrimental one, since the ‘new’ recognition rate of about 85 percent can be
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Fig. 8. Design Case II results. (a) The ‘relative motion’ (indicated by locations [1] and
[2]) experienced by the LM when the bigram model is incorporated with the trigram by
changing the mixture weight wy; from unity to 0.66. Location [3] in on the panel is related

to further experiments and should be ignored for present purposes.

achieved in the with the previous LM with worse overgeneration and coverage. In
other words, the model moves relatively ‘southeast’ in the ROC-LM plane, counter
to good design. Further, it is experimentally determined, by varying ns; from one to
zero, that a pure trigram model (7, = 1) provides the best recognition rate results
for the present conditions. It is also determined experimentally that the penalty
value g5 = 14.0 maximizes the recognition rate, so this value is chosen for further
analysis. Location ‘[3]” in Fig. 8(a) is related to further experiments and should be
ignored for present purposes.

Next, in order to assess computational loads, a set of curves parameterized by LM
size, |La|, is entered on the ROC plane (lightly dotted traces) in Fig. 8(b). These
curves are easily derived using (21). An initial bi-tri-gram LM is employed with
met=1.0, ppr=14.0, ;=100 (representing co), represented by point ‘[1]’ in Fig. 8(b).
Now, suppose that there is an upper bound, say 2 x 10%| Lr| for computational cost.
The initial bi-tri-gram LM (labeled ‘[1]’) does not satisfy this requirement. Now as
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ROC WINDOW

Fig. 8. [continued] (b) Trajectory of the LM as the pruning threshold is changed from 100
to 6.2 in five steps. The objective is to reduce the computational load by reducing the

effective size of the LM. LM size is indicated by dotted contours on the panel.

the threshold ¢;; is moved through the values 16.0 (result [2] in Fig. 8(b)), 13.2 ([3]),
10.4 ([4]), 7.6 ([5]) through 6.2 ([6]) to reduce the O, the bi-tri-gram LM moves
toward the criterion line and crosses it at ¢;; = 7.6. Thus the derived model satisfies
the computational cost requirement, but at the cost of a decrement in recognition
rate from 86.2 to 83.4 percent. Note in Fig. 8(b) that there is a discontinuity in the
trajectory from the LM labeled ‘[2]’ to LM ‘[3].” Over this change, the direction of
motion of the LM almost normal to the contour curves, implying that recognition
rate is sacrificed with little improvement of computational cost.

4.2.4 Case III : Adaptive language modeling

In one formulation of the adaptive LM problem, the set of utterances to be rec-
ognized, say Xjo. C L7, are restricted, at any particular time, to a dynamically
changing ‘local’ (partial) subset of the global task language. The training set, say
X7 C Xioc, available to represent Xj,. at any time is generally insufficient to ro-



24 Deller and Yang

Speech Processing Lab
Michigan State University [ RoC-CONTOUR CONTROL PANEL |

MU_RO l 4.82 | [T L qm
SIGMA_RO I 2,55 i = L

P a0 [0.03

MU [0.85

SIGMA_AL [1.05 |

P7_A1 0.92

EPSILON l 6.76

[LEIGHT [6.66

HU_HO J1.52

SIGHA_Ho [ 0,22

MU_H1 0,95

SIGMA_H1 | 0.07

0g i P ;
.92 0.94 0.95 7 1elggg 1
OVER-GENERATION SNT LEN | 3
TL s1ZE [ 415
[ LANGUAGE MODEL DESIGN PANEL ]
Design LM Iadapnv,_tr,,,{ PRH #2 [HoFTrnSet(Suby 456706 COVER LF [0.80 |[HTT. L Fa
o [T || 400 RT [T-00
PRM #1 |?uFTrnSet(Gen) |5500.o PRM #3 [fone [T OVR-G LF l.o_s_z_.
1660 2 [T

RT J1.00

[LM LocaTor [F= I
CONTOUR | acou POF| EX 1T |

LﬂPPLv LM | cLEeR LM | LeBEL LH| MK PDF| l uLC R.R.| CLR uc’s|

Fig. 9. Results of Design Case III. PRM #2, the number of Xi,. sentences, is initially
set to 0. Then, PRM #1, the number of Xy sentences, is varied in six steps: 1,000;
1,900; 2,800; 3,700; 4,600; 5,500. Then, PRM #2 is changed to 400. The PRM #1 steps
are repeated. The second trajectory appears to the left side of the previous one. On the
second trajectory, the recognition rate reaches its maximum when 3,700 X sentences are

used.

bustly and dynamically train the LM. Therefore, a larger ‘static’ (or ‘global’) cor-
pus Xg C Ly is used to persistently supply more information. Let the training set
drawn from X be denoted Xs. The sizes of the training sets, | X1| and | X»| are pa-
rameters of the LM design that must be optimized with respect to the performance
goal. Increasing | X»| will increase the Cys of a given LM while also increasing its
Ounm.

The set Py ppypr [recall (40)] is employed as the acoustic model. The under-
lying TL in the present example is the artificial digit-string (ADS) language [see
Appendix]. Pragmatic knowledge prescribes a subset of the ADS that can occur
in conversations involving children. The ‘children’s’ subset comprises the ‘local’
language to be recognized, Xjoc. An adaptive hybrid bi-tri-gram for Xj,. is to be
trained.
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Xt is nominally the entire TL, and sentences generated for training from Xgg,
say, training set X7, are generated without consideration of pragmatic knowledge.
Training sentences from Xj,., X2, adhere to the pragmatic rules for children’s speech
in the ADS. The bigram portion of the LM is trained using both X; and X5, while
and the trigram model is trained using X» only.

The sentence length (SNT LEN on the ROC-LM panel) is set to three, and, by
enumeration of sentences according to pragmatic knowledge, the size of the ‘local
TL,” Xioc, is determined to be 415. The set-size parameters |X;| and |X»| are
called ‘PRM #1’° and ‘PRM #2’ on the ROC-LM panel. Experimental results are
displayed in Fig. 9. Each of the two design traces moving toward the ‘northeast’ in
the ROC-LM plane represents increasing amounts of Xg; (PRM #1 increasing) for
a fixed X, size (PRM #2 = 0 in the rightmost trace, 400 in the other). (Details are
found in the figure caption.) With either Xj,. condition, adding training data from
X improves C'y and decrements Ojy, but with a nearly continual improvement in
overall recognition performance. The entire display is computed in near-real time
without the need for real recognition experiments.

With the information provided by X, (i.e., when PRM #2 is switched to 400),
the ROC-LM trajectory is uniformly shifted toward the ‘northwest.” Both O, and
C are improved in each case, thus improving the recognition rate as well as the
computational cost.

5 Summary and conclusions

The design of LMs is a challenging problem requiring the careful consideration of
many problem-dependent factors such as the amount of available training data,
inherent TL constraints, computational complexity and storage requirements, and
integration of the LM with other knowledge sources. The LM design problem is
confounded by the need to test each design through laborious experimentation.
Accordingly, changes of LM parameters or structure are not easily assessed, and
LM ‘design’ is often relegated to the deployment of variations a few simple, widely-
accepted methods (notably N-gram models) with few means for ‘optimizing’ or
‘informed tweaking.’

The ROC-LM design tool presented here is not a panacea to this general de-
sign problem. Rather, based on a formulation of LM the design problem in well-
understood detection-theoretic terms, the tool represents a step toward the devel-
opment of a formalized assessment methods. Experimental evidence suggests that
the tool offers a powerful means for obtaining an initial assessment of a proposed
LM, particularly in a relative sense compared with other LMs that differ in certain
structural ways subject to parameterization. Nevertheless, the current developments
involve several assumptions and models that are justified by limited experimental
evidence, but which have the potential, if incorrect, to erode performance of the
tool in general cases. These assumptions principally center on aggregate Gaussian-
ity, but also (in the present experiments) on the use of ‘average’ sentence lengths.
With varying degrees of difficulty, each of the simplifying assumptions can be re-
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laxed in the ROC-LM developments given sufficient computing power and training
data. The work presented here offers the framework for an interesting assessment
tool with apparent potential for quick and meaningful off-line evaluation, and also
a basis for further generalization and experimentation.
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Appendix: Artificial digit-string language (Deller et al. 2000, p. 621)

Consider an artificial language for which the symbols are 0, 1, 2, ---, 9, 4+, -. The
formal components of the language are as follows:

Lexical: A “word” consists of any number of digits concatenated by any sequence
of + and - signs in any order. The first or last symbol in a word is never a
sign. The total numerical value of a word must be nine. For example, “4+5-0”
is a word in the language.

Syntactic: A “sentence” is any sequence of words such that any word ending in
an odd digit must be followed by a word beginning in an even digit, and vice
versa. For example, “34+6+4/74+3-1/2+0-54+8+4" is a proper sentence.

Semantic: To be “meaningful,” a sentence must contain words that become in-
creasingly longer. For example, “9/2+7+1-1/44-5-5+5+0-0+2-1-1" is a mean-
ingful sentence.

Pragmatic: When “speaking” to a child, each word in a sentence is usually no
more than five digits long. There are no constraints for adult listeners.
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Endnotes

1. The term language model is used in this paper to refer to the sources of knowl-

edge in a speech recognizer that are ordinarily associated with the grammati-
cal structure of natural language. In general, we include all structure (usually
amenable, in principle, to objective and quantifiable modeling) that is ‘above’
the elemental acoustic representation, but ‘below’ the more difficult-to-model
levels of the speech code having to do with meaning, for example. In short,
a LM, as we use the term here, may model lezical and syntactic structures,
and this knowledge may take a variety of forms depending principally upon
the representations at the lowest levels of the hierarchy (e.g., triphone, mono-
phone, or even whole-world, models may comprise the first super-acoustic

representation in the LM).

. Throughout, the notation |X| indicates the number of elements in (or, ‘size

of’) a set X. Similarly, if = is a sequence of objects (e.g., words, features),

then |z| indicates the number of objects in (or ‘length of’) the string.

. Herein lies an opportunity for more detailed modeling. The present focus on

perfect recognition as a figure of merit results in the use of only two cate-
gories of acoustic outcomes. However, a more detailed description of perfor-
mance (e.g., number of word substitutions) could lead to a number of more
refined categories of acoustic likelihood outcomes (e.g., acoustic likelihood val-
ues for hypotheses with d word substitutions). The description of likelihood
p.d.f. construction in Section 2.4.1 below provides information that can be

used in such generalizations of the acoustic outcome model.



extensive software support for algorithm development and hardware / software support for audio
signal acquisition and preprocessing. In addition to appropriate facilities for signal processing,
support facilities for graphics, word-processing, scanning, image editing, etc., are also in place.
Laboratory desk space is available to all research personnel associated with the project.

Additionally, the Division of Engineering Computing Services (DECS) at MSU supports a rich
environment for computing research and design. This center features a sophisticated network of
more than 100 Unix Workstations and over 130 state-of-the-art PCs (Windows XP Pro), with 4
multi-user login servers and 11 printers. This network serves the College of Engineering in its six
buildings, including the Research Complex for Engineering. DECS facilities are available to
faculty offices, and to student labs, via high-speed ethernet and dial-in connections. The college
supports numerous networked clusters of state-of-the-art workstations and personal computers,
and an extensive catalog of software support for engineering research and teaching. Researchers
at the University of Colorado will connect seamlessly to MSU facilities via guest accounts on the
college network.

MSU is a member of the Linguistic Data Consortium which catalogs extensive databases for
speech research. These resources will be available to the proposed project.
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