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1. Introduction 3. Text-Based Attack
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= Green bars: scores for positive pairs (matching speakers) Encoting ( |

Enrollment embeddings (spk. level)

= Orange bars: scores for negative pairs (different speakers)

= Red lines: speaker-level equal error rate (EER) threshold

4. Results

= Red numbers: corresponding EER [%)]
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Text-based attacker decisions can be traced to thematic keywords!

Unexpected findings:

= Performance across speakers varies greatly
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