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Minimum encoding approaches were developed for
Abstract — Current ASR technology lacks of effectie failure  “fitting models to data” problems. The problem ofding
diagnosis of ASR systems. Figures of merits such WER are 3 good model is converted to a problem of finding

very useful, but don’t bring much insight into error patterns, minimum encoding of the data, using concepts from
error predictions or error analysis of ASR output. This paper  Shannon’s theory of information.

explores an application of Minimum Message Length (WIL) Let us briefly introduce the probabilistic framewkor
style decision trees for such a diagnosis, focusingn

theoretical background and the failure diagnosis ofnoisy Failure d'ag_nOS'S t?Sk is based on learning, wheee
speech recognition. In addition, the paper focusesn failure ~ usually consider belief about hypoths Hs Let H denotes

diagnosis of noisy speech, covering several kind$ iatrinsic g set of hypotheses. Then, for sHOH | Pr(H | EN)
speech variabilities as well. Results on added spbeshaped

noise at different SNR, ranging from 25dB to -10dB,are
presented. “true” conditioned on the evidenEy :(el,...,eN), a
set of classified examples.

denotes the measure of belief that the hypotH s

1. INTRODUCTION -
2.1 Minimum message length (MML)
Our recent unpublished work on failure diagnosisgis
decision trees showed good performance of MML style Wallance and co-workers adopts a method they tefer
decision trees for a task of speech recognitiogrdiais. as Minimum message length (MML) [5]. Given

The work introduced minimum encoding style decisiongyigencE, the approach finds a hypotheH and
trees for the use in the topic of the evaluatiohwhan and ’

computer system performance. In addition, a novefdditional paramete & that maximizes the quantity.
approach in rating the reliability of this diagresising Pr(H,H)Pr(E |H,9)

confusion matrices was presented. The performarice o \/I (H 0) , (1)
minimum encoding style decision trees for failurggthosis eV

was comparable to CART method [1], and they both

outperformed C4.5 method [2]. where |E(H,9) is the Fisher information for evidence

The previous work of Douglast al. considered the E . The Fisher information is a way of measuring the

performance of speech recognition in noise andsedwn  amount of information that the observable randonatie
its sensitivity to the acoustic feature set [3].eTauthors H . bout K g hich
used the decision tree CART method for data arslpsid carriers about an unknown parame®rupon whic

they found, that the most significant factors mthtto the likelihood function of 8, Pl’(H,e), depends. The
human digit misrecognition were the speaker and thgisher information can be written as
listener. The authors observed that once agairsgbaker

is the most significant factor partitioning the alain the I(H,H)Z E [ 0 (Pr(H,Q))} |€ |

—In

basis of digit recognition rate. (2)
We present in this paper the analysis of computeech
misrecognition. Setup of ASR system is the samesad in . ) o
[4]. Recognition of logatoms (see Section 3.1) imgpr [f the following regularity condition is met:
several instrinsic and extrinsic speech variabditwere 92
analyzed using minimum encoding style decisionstr@@e Pr(H,Q)dx =0, 3)
theory of the approach is introduced in SectioBettion 3 &
describes the experiments, and Section 4 discubses
results and future work. then the Fisher information may also be written as:
2
1(H.6)= E{a—zln(Pr(H,H)]H] @
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Thus Fisher information is the negative of the expigon  (shorter second part). So an MML metric won't cleoas

of the second derivative of the log PI’([)] with respect to complicated model unless that model pays for itself

0. Then, the Fisher information for evide E2

2.1 Minimum description length (MDL)
|E(H,9) is given by [7, p57]:

D2 Rissanen adopts minimum encoding as a fundamental

de{— = 9(—|ngr(E|H’H)B’ ) principle,_ a}nd proposedMinimum description length
“\ DoDo (MDL) principle [7].

MDL can be explained in the context where the

where det([)] corresponds to the standard matrixhypothe3|s space is a sequence of model classes

M,,..., where the model cla:My is parameterized
determinant¥ are the|H|+|9| continuous parameters in v P

2 by Kreal valueA. My thus corresponds to an hypothesis
the model forHﬂ, and

is the matrix of second H together with additional parameteg. Given an i.i.d.

derivatives. evidenc E, and likelihood functiof(E|Mk,/1), a

From Shannon’s theory of information we know that | Method of selecting a hypothesis needs to choote 00
an optimal code, the message length of an eveffit avit Kto select a model class ancA to select the parameters
probability P is given by negative binary logarithm of the for that model class.

probability P . Taking this into account and the quantity One choosek and ] to minimize [7, p59]:
expressed by Equation (1), Wallace interprets Bougb)

that we wish to minimize theode-length (message length _ E E
in the Shannon’s terminology) for evider E. of log f (E | Mk’/])+ 2 logN + 2 *1jlogk +2)

oDo

1
—logPr(H,8)-logPrE |H,8)+=logl(H,8) ®)
2 This can be interpreted as a modified maximum
(6) likelihood approach. The second two terms modifg th

1 ikeli i imensionali M
where ElOQIE(H’H) measures the encoding of theIlkellhood according to the dimensionality of tHass VI ¢

and the size N of the evidence. Because in this case
precision of the hypothesi —10gP1{(H,8) measures of k=|H|+|8, this approach is almost equivalent to

the encoding of actual hypothesis, : — 109 P"(E | H'H) choosing H to minimize
measures of the classified examples given the hgsit.
This code-length can be turn into two componentskity — _joq f (¢ | &,H) +H|og N + (H +1j|oqu |+ 2)
an assumption that the hypothesis and addition: ' 2 2 '
parameters are a prior independent, ©)
PI’(H,H)— PI’(H).PI’(H), we can separate from .y Equation (9) can be compared with the Equation
Equation (6) all parts that depends onIyHnThese parts (7) from the minimum message length framework. The
can be effectively ignored, as it is the code-larfgr the  MDL formula differs primarily in that it has no o term,
unclassified examples. The rest, giving the evieeEas a  but also final minor quantitisation term differsot these
differing terms become insignificant for IarvN [6].
Both MML and MDL represent information-theoretic
approach to learning. The difference between MDH an
o |H| 1 MML is a source of ongoing confusion among acadsmic
_|09P’(H)_|09P’(C|e' H)"'—lOgN +=logl (H.H). and encyclopaedia writers alike. Superficially, thethods
2 2 appear mostly equivalent, but there are some signif

sequence ¢ N examplesé, together with their classC ,
is outlined as [7, p58]:

) differences, especially in interpretation:
where |(H,9) could appropriately be called conditional ~ * MtMl_ isf a f“':% Sl{zje‘:ti}[’ﬁ tBayesian appro?ch: it
Fisher information given evidence of a single dfess stants rom fhe idea hat one represents ones

beliefs about the data generating process in the

example. form of a prior distribution.

Equation (7) can be described as that it consistheo . ; ;
first component that that encodes the model (hygsisi, MDL z_;wmds assumptions - about the  data
A generating process altogether.
and the second part that encodes the data usingdtel. ] )
A more complex hypothesis fits the data better than _BOth methods make use of two part codes: the fiast
simpler model, in general. We see that MML encodingf‘lways represents the information that one is ¢ryinlearn

gives a trade-off between hypothesis complexity] #re  >Uch as the index of a model class (model selgctimm
goodness of fit to the data. parameter values (parameter estimation). The separtd

is an encoding of the data given the informatiothm first
part. The difference is that in the MDL literaturig,is
advocated that parameters that we do not wantamle

MML naturally and precisely trades model complexity
for goodness of fit. A more complicated model talogger
to state (longer first part) but probably fits ttata better



should be moved to the second part of the codesenthey
can be represented together with the data by wsisg-
called one-part code. This is often more efficidmn a
two-part code. In the original description of MMiJl
parameters are encoded in the first part so alrpaters
are learned.

3. EXPERIMENTS

3.1 Data

d
The speech database used ASR experiments is th
Oldenburg Logatome Corpus (OLLO). It contains 150

different non-sense utterances (logatomes) spokerCb
German and 10 French speakers. Each logatome toofkis

a combination of consonant-vowel-consonant (CVC) o

vowel-consonant-vowel (VCV) with the outer phoneme
being identical. To provide an insight into theluehce of
speech intrinsic variabilities on speech recognjtioLLO
covers several variabilities such as speakingaateeffort,
dialect, accent and speaking style (statement apdtipn).
The OLLO database is freely available
http://sirius.physik.uni-oldenburg.de

ASR experiments were carried out with a Hidde
Markov Model (HMM) with three states and eight
Gaussian mixtures per HMM state. The system wasiset
to closely resemble, i.e. confusions could onlyundor the

middle phonemes. This was achieved by training an

testing several HMM systems with each correspontbrgy
different outer phoneme. Additional delta and aeclon
features were added to the 13 cepstral coeffigigrakling
a 39-dimensional feature vector per time step. ABR
test set contained the same utterances as usedSk H
experiments (ten speakers with 150 utterances eac
Speech files from the remaining 40 speakers in Ole®e

chosen for the training process. The frequency o
phonemes and gender were equally distributed in th

training and test set. A speech-shaped noise wasdaalt
SNR ranging from 25dB to -10dB in 5dB steps tortiraj
and test data, resulting in a matched trainingd¢eatlition.

3.2 Failure Diagnosis Procedure

For the learning process (c.f Section 2) a sinigtewas
constructed for each noise setup from ASR datah liae
(an example) consisted of a class vaCand a feature

vecto € . The feature vectc € consisted of:
1. Middle phoneme spoken
2. Outer phoneme spoken
3. Middle phoneme recognized
4. Outer phoneme recognized
5. String coding the speaker’'s identity of the
belonging utterance
6. String coding the dialect for 'no dialect’, 'East

Frisian’, ’'Bavarian’, 'East and

'French’ dialects
The class valu¢C =1 if middle phoneme spoken and
middle phoneme recognized was the same; othenitise,
was set to zero.

Note that the outer phoneme could not be confused d
to the closed test setup with a given outer phonérhe

Phalian’,

S

at

n

inclusion of outer phonemes as feature componeattles
an analysis of coarticulation effects. The colldadata was
used for the learning process. The IND [8] prognaas

used for learning and testing the failure diagnosis

3. RESULTS

We used similar analysis with similar features ur o
previous work on analysis of human and automatezep
recognition [1]. Here we were specifically focussd ASR
ata, and in addition with speech-shaped noises Thi
Ralysis confirmed our previous findings.

Regarding dialect, the analysis of the data shomed
large impact on ASR failures. The dominant featime
}rees‘ splitting was the middle consonant of theVWwC
utterances. Furthermore, neither the speaker indexhe
outer vowels were selected as splitting criteriaictvh
means that speaker-specific information and cadaiion
effects seems to play a subordinate role for thissonant
classification task.

Fig. 1 shows typical trees as produced by learning
procedures. The results match quite well confusion
matrices that are produced by classical ASR evialuat
Additional features outlined in Section 3.2 weret no
significant for the learning procedure, as they'dioave an
impact on classification of ASR failures. Specifioa of
gew features belongs to our future work.

PhonemeSpok = k:

| PhonemeRec =d: 0.08333 0.9167 0

| PhonemeRec =t: 0.0625 0.93750
PhonemeRec = g: 0.0625 0.9375 0

) PhonemeRec = k: 0.9961 0.003906 1

@)

honemeSpok = k:
PhonemeRec =d: 0.1250.8750
PhonemeRec =t: 0.0625 0.93750
PhonemeRec = g: 0.050.950
PhonemeRec = k: 0.9959 0.004065 1

(b)

f
c,
|
|
|
|

PhonemeSpok = k:

| PhonemeRec =d: 0.9545 0.04545 0
| PhonemeRec =t: 0.8750.1250

| PhonemeRec =g: 0.9667 0.03333 0
| PhonemeRec = k: 0.006024 0.994 1

(©)

PhonemeRec = k:

| PhonemeSpok =d: 0.9706 0.02941 0
| PhonemeSpok =t: 0.9706 0.02941 0
| PhonemeSpok =g: 0.9737 0.02632 0
| PhonemeSpok =k: 0.020.98 1

(d)

Fig 1. Limited cut-out parts (for illustration purges) of MML
trees of phoneme “k” for SNR (a) 25dB, (b) 10dB,ddB and
(d) -10dB. The last values represent the class \C ue



4. CONCLUSION

We contributed to the topic of failure diagnosis of [1]
computer speech recognition, using minimum encoding
style decision trees. We found that the middle ooast of
the VCV utterances is the most significant factor 2]
partitioning the data on the basis of logatom redomn
rate.
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