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Alternate System : Fusion of GLDS SVM and GMM SVM ⎥
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Alternate System : Fusion of GLDS-SVM and GMM-SVM
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• System fusion was performed by a weighted average of the system ⎥
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System fusion was performed by a weighted average of the system 
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S h E h t 6 R lt6 R lt• Speech Enhancement 6. Results6. Results• ICSI OGI Qualcomm Wiener filter for interview segments 6. Results6. Results• ICSI-OGI-Qualcomm Wiener filter for interview segments

• FIR echo canceller for phonecall segmentsFIR echo canceller for phonecall segments 

F E i SRE 2010 Detection Costs (Core Condition)• Feature Extraction SRE 2010 Detection Costs (Core Condition)
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• SVM system using Generalized Linear Discriminant Sequence• SVM system using Generalized Linear Discriminant Sequence 
(GLDS) kernel by explicit polynomial expansion(GLDS) kernel by explicit polynomial expansion 

• Polynomial features up to the 3rd order (20824 dimensions) SRE 2010 core-coreSRE 2010 core-corePolynomial features up to the 3rd order (20824 dimensions) SRE 2010 core core
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• Nuisance Attribute Projection (NAP) session compensation -TITECH_1
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• 50 dimensions for the session subspace -TITECH_2
•Min Cost:0 972
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• Min Cost:0 713

• Projection matrix trained using NIST SRE 2004 training data
•Min Cost:0.972
♦Act Cost:1.002

• Min Cost:0.713
♦Act Cost:0.862• Projection matrix trained using NIST SRE 2004 training data
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• 4000 impostor speakers from NIST SRE 2004 data
• Gender-dependent T-norm score normalization• Gender-dependent T-norm score normalization

• 250 cohort speakers per gender from NIST SRE 2005 data250 cohort speakers per gender from NIST SRE 2005 data
• Minimum segment length was 2 minutes False Alarm Probability (%) False Alarm Probability (%)g g False Alarm Probability (%) False Alarm Probability (%)

• GLDS-SVM outperforms GMM-SVM systemSRE 2008 Dev Systems4 GMM4 GMM SVMSVM
GLDS SVM outperforms GMM SVM system

GMM SVM i
SRE 2008 Dev. Systems 4. GMM4. GMM--SVMSVM • GMM-SVM system is not maturey
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• Fusion improvement relies on GLDS-SVM
• SVM system using mean vectors of speaker models as features • 0 9 vs 0 1 weights
• Universal Background Model (UBM)

• 0.9 vs.0.1 weights
• Universal Background Model (UBM) • Similar performance for low vocal effort speech

• Training data of 40 hours from the NIST SRE 2004
Similar performance for low vocal effort speech

Training data of 40 hours from the NIST SRE 2004 • Big performance degradation for high vocal effort 
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• Diagonal covariance matrices • Good overall calibrationg
• 3 iterations of maximum likelihood estimation

• Good overall calibration
• 3 iterations of maximum likelihood estimation • Different thresholds for different conditions

Speaker models obtained by standard MAP adaptation of UBM
• Different thresholds for different conditions

Speaker models obtained by standard MAP adaptation of UBM • Long segments in T-norm might improve stability
GMM linear kernel based on K-L divergence

Long segments in T norm might improve stability
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