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Nonnativeness Detection

� Task: Given speech sample, is talker speaking in his/her 
native language?

• This is NOT dialect recognition, but related

� Original motivation: nonnatives show systematic bias in 
speaker verification scores (next slide)

� Additional motivations:
• Intelligence applications 
• Speech recognition (reduce model mismatch)
• Scientific: effects of L1 on L2
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Effect of Nonnativeness on SID Scores

� Score distributions show NonN-NonN trials have systematic positive bias; 
this hurts SID performance when using a single decision threshold

� Automatic nonnativeness estimates can reduce speaker id EER by up 
to15% (see ICASSP’08)
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Nonnativeness ID Data Sets

� Fisher-1 English database [ broad range of L1s ]
• Extracted balanced native/nonnative subsets
• 749 nonnatives, 741 natives
• 1.9 conversations per speaker
• 10 minutes per conversation (~ 5 per speaker)

� NIST SRE-06 Mixer [ L1= mainly Chinese ]
• Listened to a large subset to find nonnatives
• 280 native speakers (1604 sides)
• 315 nonnative speakers (986 sides)
• 5 minutes per conversation (~2.5 per speaker)
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L1 Distribution by Corpus
� Fisher-1 has L1 information

� SRE06 required listening and inference from non-English convs

-3.06French

0.642.59Arabic

-3.39Cantonese

-3.99German

0.483.33Korean

5.791.26Other

0.488.05Hindi

9.828.05Russian

82.7714.64Chinese/Mandarin

-17.90Spanish

SRE06 (%)Fisher (%)L1
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Experiments

� Train binary nativeness classifiers on training set, test on 
independent test set 

� Matched training/test:
• Training and test from same corpus

• Speakers divided into 10 partitions

• Train on 9 and test on 1 partition (round-robin)

� Mismatched training/test:
• Train on Fisher, test on SRE06, and vice-versa

• More realistic for real-world applications
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Nativeness Detection Models

� Baseline: 1-best phone N-gram LMs (PRLM)
• Commonly used for language & dialect ID

� SRI SID systems (“out of the box”)
• Lattice-based phone N-gram SVM: models pronunciation
• Phone-loop MLLR SVM: pronunciation
• Word-based MLLR SVM: pronunciation
• SNERF SVM:  prosody (pitch, pause, duration, energy)
• Word N-gram SVM: lexical choice, idioms, grammar

� Combined system
• Score-level neural network combiner
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Phone N-gram System

� Idea (originally proposed for language ID):
• Convert continuous acoustic signal into phone stream
• Allows modeling of long-range, sequential acoustic patterns 

(unlike frame-level cepstra)

� Baseline (PRLM) version:
• Run open-loop phone recognizer to get 1-best phone string
• Model phone likelihood ratios with language models

� Enhanced (SVM) version:
• Extract phone N-grams from lattices (frequencies weighted by 

posterior probabilities)
• Form vector of frequencies, one component per N-gram
• Model frequency feature vector with SVMs



����������		
 ��
���
��		
��������� �	

MLLR SVM System
� Speech recognizer adapts speaker-independent model to 

best fit test speaker

� Use transform coefficients as feature vector (after rank 
normalization); model with SVMs

� Refinements for better performance:
• Combine transforms for different phone classes
• Combine transforms relative to different recognition models

� Two versions
• Phone recognition based: 6240-dimensional
• Word recognition based: 24960-dimensional

Speaker 
indep
models

Speaker 
dependent 
models

MLLR Transform
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Prosodic SVM System
� SNERFs: Syllable-level Non-Uniform Extraction Region Features

� Compute pause, duration, pitch and energy features per syllable

� Map to fixed feature vector via GMM mixture weight transform

Speech 
waveform

Automatic 
Speech 

Recognizer

Pitch and 
Energy 
Tracker

Energy

Pitch

Alignments

notably  the equivalent is Prosodic Features
Prosodic 
Feature 
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Word N-grams

� Capture vocabulary and grammar used by nonnatives: 
use relative frequencies of word N-grams

� Implementation
• Get 1-best word recognition output
• Extract N-gram frequencies
• Model frequency vectors with SVM
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System Combination

� Different models capture different aspects of native 
language proficiency

� Expect gains since information is non-redundant (as in 
SID)

� Used perceptron to map individual system scores into a 
combined score
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Results for Individual Systems

Test on SRE06

Test on Fisher

Baseline (test  on
SRE06, mismatched)

MLLR 2cl   MLLR 8cl  PhoneNG Prosody   Word NG

mismatched

mismatched

matched

matched

� Train and test 
corpus makeup (in 
L1s) matter

� Need range of L1s  
in training 

� SID systems 
perform better or 
equal to LID 
baseline

� Combination yields 
further gains (next)
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Results: System Combination

� Train on Fisher, test on SRE06

� Phone N-grams are largely redundant with MLLR system

� Prosody system is most complementary to acoustic models

8.6All 4 (MLLR-8 + Prosody + Word-Ngram + Baseline)

9.33-best combination (MLLR-8 + Prosody + Word-Ngram)

10.42-best combination (MLLR-8 + Prosody)

12.5Single best SID system (MLLR-8)

17.3Baseline (phone n-gram LM)

EER %System combination
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Conclusions

� Promising results validate the approach of using SID 
models for nonnativeness ID

� Results mirror those in speaker recognition
• Relative performance of individual systems
• Contributions to system combination
• However: for nonnativeness ID, stylistic models closer to acoustic 

in absolute performance 

� Large effect of corpus mismatch
• Representation of test L1s in training is important
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Future Work

� Use nonnativeness ID to aid speaker ID 
• 15% better EER (Ferrer et al., ICASSP’08)

� Inter- speaker variability compensation (NAP, factor 
analysis)

� Use anticorrelation procedure (talk on Tuesday) to 
improve combination performance

� Detect L1 or L1 family

� Detect speaker’s proficiency in L2
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Thank you!


