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Graph representation
(speaker similarity graph)

Matrix representation
(speaker similarity score matrix 𝐒 )

𝐿SIM
(mat)

𝐊𝐃, 𝐒 =
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𝑍s
 𝐊𝐃 −  𝐒

𝐹
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𝑍s: normalization term 
 𝐊𝐃,  𝐒: matrices the same as 𝐊𝐃, 𝐒 w/o their diagonal components
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Dataset
(16 kHz sampling)

JNAS[4] 153 Japanese females
Training (seen) data: 140 females except for F001—F013
Evaluation (unseen) data: 13 females (F001—F013)

Vocoder STRAIGHT[5]

DNN input 1—39 dim. mel-cepstra (including Δ)

DNN architecture Feed-Forward (see our paper for details)

Methods

(1) d-vec. : trained by speaker recognition
(2) Sim. (vec): trained by similarity vector embedding
(3) Sim. (mat): trained by similarity matrix embedding
(4) Sim. (mat-re): trained by (3) w/o dissimilar spkr. pairs 

Spkr. embedding 8-dimensional vector

Kernel in Sim. (mat) Sigmoid kernel: 𝑘 𝒙, 𝒚 = tanh 𝒙⊤𝒚

Naturalness
(preference AB)

 Purpose: learning speaker representation that is correlated 
with human speech perception

 Approach: using crowdsourced subjective inter-speaker 
similarity scores for training speaker embedding model

 Results: obtaining speaker embedding that

1. is highly correlated with the similarity scores

2. improves speech quality in multi-speaker speech synthesis

 One-hot speaker code[1]

 𝑁s-dim. discrete vector (ID for pre-stored 𝑁s speakers)

 Pros: high simplicity when 𝑁s is small

 Cons: low interpretability & scalability

 Distance betw. speakers = constant

 Sparse representation that cannot deal with
unseen speakers
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 𝑑-vector[2]

 𝑁d-dim. continuous vector derived from speaker recognition

 Applications: speaker verification & voice conversion[3]

 Training: minimizing speaker recognition loss (cross-entropy)

 Pros: high scalability

 Low-dim. representation that can deal with unseen speakers

 Cons: still low interpretability

 Speaker recognition ≠ human speech perception
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Embedding space

Can we construct an embedding space that preserves
subjective inter-speaker similarity? 

 Large scale scoring of subjective inter-speaker similarity

 Crowdsourcing the similarity scores involving 4,000+ listeners

 # of listeners per one speaker pair = at least 10

 Visualization of the obtained scores

Instruction of the scoring

To what degree do the two 
speakers' voices sound similar?

(−3: dissimilar ～+3: similar)

We propose training methods for speaker embedding w/ the matrix 𝐒.

 Similarity matrix embedding

 Training DNN using the similarity score matrix 𝐒 as a constraint 
on coordinates of speaker embedding  

 Similarity vector embedding

 Training DNN to predict a similarity score vector 𝒔 ∈ 𝐒
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 Experimental conditions
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 Correlation coef. betw. similarity scores & values of kernel
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Our algorithms learn speaker embedding that is
highly correlated with the similarity scores!

 Evaluation in DNN-based multi-speaker speech synthesis

 Acoustic model: variational-autoencoder[7] incorporating pre-
trained speech recognition & speaker embedding[3]
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 Results of preference AB/XAB tests on synthetic speech quality

 A > B: A is significantly higher than B (𝑝 < 0.05)

 A ≒ B: there is no significant difference betw. A & B 

A vs. B
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(1) Sim. (vec) improves speech quality in almost all spkrs.
(2) Sim. (mat) degrades speech quality in some spkrs.
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