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Multimodal Deception Detection by Language and Natural Language
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sentense-level paragraph-level

model features feature pooling  paragraph size  conversation ACC UAR Precision F1 score ACC UAR Precision F1 score
LSTM BERT, ACO, CTD mean - dialogue 0.7585 0.5844 0.5587 0.5636

LSTM BERT, Wav2Vec mean - dialogue 0.7835 0.5759 0.5621 0.5669

LSTM BERT, Wav2Vec, CTD mean - dialogue 0.7835 0.5759 0.5621 0.5669

Transformer BERT, Wav2Vec, ACO, CTD mean - dialogue 0.8379 0.5997 0.6191 0.6077

Transformer BERT, ACO mean - dialogue 0.8189 0.6277 0.6138 0.6199

Transformer BERT, CTD mean - dialogue 0.8122 0.6259 0.6195 0.6225

Transformer BERT, ACO, CTD mean - dialogue 0.8390 0.6290 0.6358 0.6322

Hopfield BERT, ACO, CTD mean 5 dialogue 0.7916 0.7480 0.6457 0.6655 0.5533 0.6448 0.5720 0.4991
Hopfield BERT, ACO, CTD mean 10 dialogue 0.8163 0.7747 0.6701 0.6958 0.8203 0.7450 0.6942 0.7127
Hopfield BERT, ACO, CTD mean 15 dialogue 0.8810 0.7163 0.7357 0.7253 0.8633 0.7072 0.7775 0.7332
Hopfield BERT, ACO, CTD mean 20 dialogue 0.8294 0.7839 0.6810 0.7089 0.6390 0.6237 0.5820 0.5696
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