Some Experiments on Idiolectal Differences among Speakers

N - Gram_Experiments - V06 14 November 2000 page 1 of 5

Some Experiments on Idiolectal Differences among Speakers

1 Motivation

It is generallyrecognized that human listeners can distinguish between speakers who are familiar to themfar better than those who are unfamiliar. This increased abilityis due no doub t to speaker idiosyncrasies that are recognized bythe listener, either consciouslyor unconsciously. These speaker characteristics offer the possibilityto significantlyimprove automatic speaker recognition performance, if onlywe were able to identify and use them.

Historicallyin speaker recognition technologyR&D, effort has been devoted to characterizing the statistics of a speaker´s amplitude spectrum. And while this has included dynamic (e.g., difference spectra) as well as static information, the focus has been on spectral rather than temporal characterization. ^Familiar - speaker~ differences, however, surelyrelate to longer termspeech patterns, such as the usage of certain words and phrases, and to the features tied to these patterns, such as i ntonation, stress and timing.

The use of such patterns and features affords a promising but radical departure from mainstreamspeaker recognition technology.

To explore the possibilityof using longer - termspeech characteristics to characterize speakers, some preliminary experiments were performed using the SwitchBoard corpus. These experiments were performed in order to begin to understand and to calibrate some idiolectal differences among speakers. If such differences exist, then presumablytheywould exist within the context of speech patterns specific to the speakers. Therefore this studywas directed toward the statistics of word sequences as a function of speaker.

2 Speaker - Dependent Language Models

N - gramlanguage models are often used to good effe ct to improve speech recognition performance. These models are general models of the language, trained on verylarge corpora, typicallyincluding different sources fromnumerous speakers. And while advanced speech recognition systems usuallyinclude algo rithms to adapt to different speakers, adaptation is directed largelytowards acoustic

(spectral) features.

It is possible to train language models for a specific speaker, of course, assuming sufficient data. The question is whether such language models a re useful in distinguishing among speakers.

Some preliminaryexperiments were conducted to explore this question using the SwitchBoard corpus. 1 These experiments were conducted to explore idiolectal differences and to comprehend the speaker characterizin g potential of N - gramlanguage models.

1 The SwitchBoard corpus contains data fromfive hundred speakers collected fromtelephone conversations of nominallyfive minutes duration. The average number of conversations per speaker was eleven, and each of the conversation s for a given speaker was typicallyon a different topic. More details maybe found on the

Linguistic Data Consortium´s (LDC´s) web site:

http://www.ldc.upenn.edu/readme_files/SwitchBoard.readme.html

3 SwitchBoard Experiments

A number of experiments were conducted using the SwitchBoard corpus. All of these experiments used manual transcriptions of the speech signal as the input data. No use was made of the acousti c speech signal, per se (except as the source for the manual transcription, of course). The manual transcriptions were further processed to eliminate punctuation and transcriber comments and to add begin/end turn tags (pseudo - words). An example utterance is:

<start> Like uh [lipsmack] my boyfriend listens to Guns and Roses <end>

Several variations of this representation might be to exclude non - lexical sounds, to ignore case, and to ignore turn boundaries. These simplifications reduce the size of the N - gr amvocabularybut also reduce the richness of the representation.

3.1 Speaker Entropy

The first experiment was to compute the speaker entropyof individual N - grams. For the purpose of this study, the speaker entropyof an N - gramwas defined as:

( ) ( ) ( ) [ ] { } å

× - = i

i Ngram i Ngram

Spkr P Spkr P Ngram

Entropy log where

( ) i Ngram

Spkr

P is simplythe fraction of N - gramtokens in the entire SwitchBoard corpus that were spoken byspeaker i:

( ) ( ) ( ) total N Spkr N Spkr P

Ngram i Ngram i Ngram

=

Figure 1 is a scatter plot of speaker entropyfor bigrams, whe re entropyis plotted versus the total number of bigrams in the corpus.

For infrequentlyoccurring bigrams the low - entropyword patterns

(i.e., those that are highlyindicative of the speaker) include a number of speaker - specific content words. For examp le:

^ in Maryland ~, ^ South Dakota ~ and ^ Rhode Island ~. For more frequentlyoccurring bigrams the (relatively) low - entropyword patterns contain a number of back - channel words. For example:

^ uh - huh uh - huh ~, ^ <start> Right ~ and ^ Oh <end> ~. There are also a number of common speech patterns that show speaker specificityand that might thus be thought of as idiolectal. For example: ^ in terms of ~, ^ sort of ~, ^ it were ~ ^ so forth ~ and

^ you bet ~. One bigramwas particularlyinteresting in that it occurred a total of 25 times in the SwitchBoard corpus and yet had a speaker entropyof zero, meaning that it occurred onlyfor a single speaker. This is the bigram^ how shall ~. On further inspection this bigramwas found to be part of a larger phrase, namely

^ how shall I say � ~, which occurred in half of the 26 conversations for this speaker. It is idiosyncratic speech patterns like this that we might wish to exploit in recognizing familiar speakers.

Some Experiments on Idiolectal Differences among Speakers

N - Gram_Experiments - V06 14 November 2000 page 2 of 5

Figure 1 Speaker entropyof bigrams for the SwitchBoard corpus

3.2 Speaker Detection

Speaker detection experiments were conducted using a whole conversation side as the test segment. For each test, one true speaker conversation side was selected for the true speaker trial and one or more impost or conversation sides were selected for the impostor trials.

3.2.1 Decision Algorithms

A conventional log likelihood ratio test was used. Thus the test segment score was defined to be the log of the ratio of true speaker likelihood to background speaker likelih ood for an N - gramtoken j, averaged over all N - gramtokens in the conversation - side:

( ) ( ) [ ] { }

{ } å

å

L L

= j

j

BG TS

j j

Score

1

log

This formula is expressed in terms of N - gramtokens, but for efficiencythe log likelihood ratio is actuallycomputed onlyonce for each N - gramtyp e, k:

( ) ( ) ( ) [ ] { }

( ) { } å

å

L L ×

= k

tokens

k

BG TS tokens k N

k k k N

Score

log where N tokens

(k) is the number of occurrences of N - gramtype k in the test segment.

The N - gramlikelihoods for this test were then estimated fromthe remaining conversations in the SwitchBoard corpus. Thus the target speaker model was created fromall the conversation sides for the target speaker except the one under test , and the background speaker model was created fromall the conversation sides in the whole SwitchBoard corpus except those for the target speaker and the sel ected impostor speakers . 1

For most of the speaker detection experiments discussed here, target speakers were limited to those having at least 10 conversations, meaning that each target speaker model contains

1 These estimated N - gramlikelihoods were smoothed byad ding

0.001 to each likelihood estimate.

data fromat least 9 sessions. 2 It should be no ted here that in the

SwitchBoard corpus each conversation was targeted to a specific topic, and that the SwitchBoard systemcontrolled the topic selection so that no speaker (hardly) ever spoke on the same topic more than once. 3

Figure 2 is a plot of the d etection error trade - off (^DET~) curve for unigrams and bigrams. Note that there is significant speaker characterizing information for both unigrams and bigrams, with bigrams providing the best performance.

Figure 2 Speaker detection performance on conversation sides

for unigramand bigramlikelihood ratio scores

Considering the statistical correlation between recurrences of the

same N - gram, the score formula was modified to discount multiple

occurrences of the same N - gramin a test segment:

( ) ( ) ( ) [ ] { }

( ) { }

å å

-

- L L ×

=

k

D

tokens k

BG TS

D

tokens

k N k k k N

Score

1

1 log

where D is the discount factor, with permissible values of D

between 0 and 1.

For D = 0 there is no discounting of N - gramtokens, and for D = 1

there is complete discounting. (With complete disco unting, a

particular N - gramtype will contribute the same increment to the

score regardless of how many times that N - gram occurs during the

test segment .)

Figure 3 is a DET plot that compares speaker detection

performance with a nd without discounting of N - gramtokens. Note

2 This reduced the total number of target speakers to 217.

3 The fact that speakers discussed a different topic during each

conversation is significant because this implies that the speaker

detection performance is n ot attributable to the topic. On the

contrary, the speaker detection performance is despite changes in

the topic. (Onlyfour percent of the speakers ever spoke on the

same topic more than once, and well under one half percent of all

conversations were on a repeated topic for a speaker.)

Some Experiments on Idiolectal Differences among Speakers

N - Gram_Experiments - V06 14 November 2000 page 3 of 5 that discounting degrades performance for unigrams but improves

performance for bigrams. Figure 4 shows DET performance for

several values of discounting for bigrams. Note that the best

performance for bigra ms is obtained with complete discounting.

Therefore, complete discounting will be used for the remainder of

the experiments discussed in this paper.

Figure 3 Speaker detection performance for unigrams and

bigrams with and withou t token discounting

Figure 4 Speaker detection performance for bigrams as a

function of token discounting

3.2.2 Reduced N - gramRepresentations

The N - grams, taken fromthe original SwitchBoard transcriptions,

preserve information beyond that provided bybasic SNOR - style

transcriptions. Specifically, SwitchBoard transcripts also provide

upper/lower case information, non - word sounds (specifically

sounds described bybracket - enclosed keys such as ^[ laughter ]~

and ^[ lipsmack ]~), and turn st art/end tags. Figure 5 shows the effect on speaker recognition performance of eliminating these

components.

Figure 5 Speaker detection performance for N - grams with

reduced representation

For both bigram s and unigrams, there is no change in performance

fromexcluding non - words. Beyond this, however, the effect is

quite different for unigrams and bigrams. For unigrams,

eliminating case information degrades performance significantly.

And additional elimi nation of non - word information degrades

performance further (curiously, since there is no degradation in

performance when non - words alone are eliminated). For bigrams,

there seems to be no effect on performance, regardless of the

presence or absence of ca se and non - word information. This might

be due to an abilityof bigrams to (redundantly) represent the

information conveyed bycase. Finally, the effect of eliminating

turn information is opposite for unigrams and bigrams. For

unigrams, the elimination of turn information (represented bysingle

^ <start> ~/ ^ <end> ~ tokens) gives the best performance, while for

bigrams elimination of turn information gives the worst

performance.

3.2.3 Performance versus Amount of Test Data

It would be interesting to understand ho w performance varies with

the amount of test data. To assess this aspect of performance, a

scatterplot of bigramtest scores is shown in figure 6, where each

test score is plotted versus the number of bigramtokens in the test

segment. Overlaid on this s catterplot are plots of the mean values

and standard deviations of test scores for subsets of scores divided

according to number of bigramtokens. P erhaps more relevant is

the derivative F - ratio measure, which shows a sharp rise with the

size of the test segment. Note also that there is no suggestion that

the F - ratio might be approaching an asymptote, up to the limits

imposed bythe SwitchBoard corpus.

Some Experiments on Idiolectal Differences among Speakers

N - Gram_Experiments - V06 14 November 2000 page 4 of 5

Figure 6 Scatterplot of speaker detection scores for b igrams as a

function of the number of bigramtokens in the test segment.

3.2.4 Performance versus Number of Training Sessions

It seems surprising that a speaker - dependent N - gramlanguage

model, trained on a rather small number of short conversations,

could provi de the level of speaker detection performance that has

been observed. Certainlythis supports the notion of idiolect ˘

speaker - specific usage of words and phrases. Nevertheless, it

would seemthat a significant amount of training data would be

required t o adequatelycalibrate idiolect for speaker recognition.

To gain some understanding of how performance varies as a

function of the amount of training data, the target models were

partitioned into different subsets according to how many

conversation sides w ere used in creating the target model. Results

are shown in Figure 7 for bigrams. While there exists a modest

level of speaker detection performance for even a single training

session, performance climbs steadilyup to the limi t imposed bythe

SwitchBoard corpus, with each doubling of training data resulting

in approximatelya halving of error rate.

Figure 7 Speaker detection performance as a function of the

number of training sessions for bigram mode ls.

3.2.5 Performance of Low - and High - frequency Bigrams

To gain some understanding of the source of the speaker

characterizing power, two experiments were run to progressively

prune awayfirst the low - frequencybigrams and second the high -

frequencybigrams. Th is pruning was according to the total number

of bigrams occurrences for the entire SwitchBoard corpus. Figure 8

is a DET plot showing the effect of excluding the low - count

bigrams, and figure 9 is a DET plot showing the effect of excluding

the high - count bigrams.

Figure 8 Speaker detection performance excluding low

frequencybigrams

Note that there is little effect of excluding low - count bigrams up

to a count of 150. This is encouraging, because there are only

2500 bigramtypes with a count 150 or more, which account for

half of all bigramtokens. (A cumulative distribution of unigram

and bigramtypes and tokens for the SwitchBoard corpus, versus

frequencyof occurrence, is given in figure 10.)

Figure 9 Speaker detection performance excluding high

frequencybigrams

Some Experiments on Idiolectal Differences among Speakers

N - Gram_Experiments - V06 14 November 2000 page 5 of 5

For high - count bigrams, there is little effect down to a count of

1000. This accounts for fewer than 300 bigramtypes, but over one

quarter of a ll bigramtokens. So, it appears that most of the

idiolectal action, at least with respect to the use of bigrams for

speaker recognition, is in the third most likelyquartile of bigrams.

Figure 10 Cumulative distribution of N - gramtypes and tokens

3.2.6 Demographic Factors that Affect Performance

There is a clear distinction in the acoustics between male and

female speakers, which is not present in the transcription of course.

There may, nonetheless, be consistent idiolectal differences

between men and women that are exhibited in the speaker detection

task. This is affirmed in the contrast between same - sex and cross -

sex speaker detection performance shown in the DET plots in figure

11. Curiously, there seems to be little or no difference between

same - sex and cross - sex performance for female models, while the

difference is a striking factor of 4 for male models.

Figure 11 Compa rison of speaker detection performance for

same - sex versus cross - sex impostors

Another factor of perhaps onlyacademic interest is the significance

of age difference between impostor and target. To assess this, a

scatterplot of impostor score versus age d ifference is presented in

figure 12. While there is no apparent trend visiblyobvious in the

scatterplot itself, a second order polynomial regression line shows

that impostor scores do tend to become worse as the age difference between impostor and target increases. Several speculative

explanations for this phenomenon are possible. For example, there

maybe stage - of - life factors that influence a speaker´s idiolect. Or

this maybe a side effect of the evolution of language. Or this effect

maybe a mere statistical anomaly.

Figure 12 Scatterplot of impostor scores versus age difference

4 Conclusions and Recommendations

The performance of speaker detection based upon bigramstatistics

is surprisinglygood, at least for the SwitchBoard corpus as studied.

Surprising fromseveral aspects, not just that speaker detection error

rates are low:

· Although performance was observed to continue to improve as

the amount of training data was increased, nonetheless good

per formance was observed for a surprisinglysmall number of

training conversations.

· P erformance was maintained while excluding all but a small

number of bigrams, on the order of a few thousand. These

bigrams are namelythose that occur most frequently. (Thi s

helps to explain whyit is that good performance is achieved

with a relativelysmall amount of training data.)

These experiments are veryencouraging. Theysuggest that it may

be feasible to exploit ^familiar speaker~ characteristics with a

reasonable a mount of training. Theyalso suggest that it might be

reasonable to create a technologythat (automatically) finds the

needed higher - level speech patterns (because theyoccur with

sufficient frequencyto exhibit multiple occurrences in the training

data).

Further exploration of these ideas seems likelyto produce

technologyof great value for speaker recognition applications and

certainlyof great scientific merit. One of the most promising areas

would seemto be in exploiting the synergybetween a speake r´s

language and acoustic characteristics. This can be done bymore

than simplycombining language and acoustic scores. Rather, it

maywell be far more discriminative to condition the acoustic

calibration of a speaker on those speech patterns specific to that

speaker´s idiolect.