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1: Outline of the proposed method
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# 1: Experimental conditions

Training data
Corpus (Step 1) | The LJ Speech Dataset
13,100 utterances (24 hours)
(Step 2) | FHEEMFE=— X
300 utterances (51 minutes)

Sampling freq. 16 kHz

Speech analysis

Window length | 64 msec

Frame shift

16 msec

WaveNet configuration

Step 1: 770,000 iterations
Step 2: 40,000 iterations
Mini batch size | 4

Iterations

Optimization Adam]§]
Residual blocks | 30 blocks
Dilations [29,2', 2%, ..., 27] was

repeated three times

Waveform:
256 classes x 7680 samples

Input(Step 1)

Mel-spectrum:

80 band x 30 frames
Emotion ID:

3types x 1samples

Waveform:
256 classes x 7680 samples
Emotion ID:
3types x 1samples

Input(Step 2)

Output 256 classes X 1samples
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2: MOS score for emotional strength of each emo-

tion

# 2: Confusion matrix of conventional method [7]

Subject-perceived emotions

Correct emotions | Neutral ‘ Angry ‘ Happy

Neutral 0.927  0.050 0.023
Angry 0.300  0.600 0.100
Happy 0.200  0.077 0.723
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