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概要：振幅スペクトログラムから何らかの意味で適切な位相を推定する位相復元は音響信号処理において重要な基礎

技術であり，特に近年，音声合成等で注目されている．短時間フーリエ変換の性質に基づいて，反復的に位相を推定

する Griffin–Lim法 (GL法)が広く用いられているが，多くの反復が必要となるといった課題がある．本研究ではよ

り少ない反復回数で復元される時間領域信号の品質改善を目的とし，2つのアプローチを提案する．1つめとして GL

法と同様に短時間フーリエ変換の性質のみに基づきつつ，交互方向乗数法を用いた位相復元アルゴリズムを提案する．

また，GL法に深層ニューラルネットワークを組み込むことで，対象となる信号の性質を学習し用いる手法を提案する．
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1. Introduction

Phase reconstruction has become increasingly im-
portant in a variety of applications in acoustical signal
processing such as speech enhancement, audio source
separation, and speech synthesis. In phase reconstruc-
tion without observed phase, the consistency-based
approach has been widely used. A spectrogram is
said to be consistent when the dependency between
time-frequency coefficients caused by the procedure
of short-time Fourier transform (STFT) is retained.
Griffin–Lim algorithm (GLA) is one of the most popu-
lar consistency-based phase reconstruction algorithm.
Specifically, GLA applies two projections aiming to ob-
tain the consistent spectrogram whose amplitude coin-
cides with the given one. Although it has been widely
used, it requires many iterations.
In order to obtain better phase in fewer iterations,

in this thesis, I propose two novel phase reconstruction
approaches. The first approach is the GLA like algo-
rithms which employ ADMM [1]. I interpret GLA as
the alternating projection for solving a feasibility prob-
lem and apply ADMM to the problem. Furthermore,
I propose a relaxation of that problem, and ADMM is
also applied to it. As the second approach, I propose
to unify GLA with a DNN for using priori knowledge
of target signals [2]. It stacks a common sub-block in-
cluding a DNN and GLA-inspired fixed layers, which
constructs a deep architecture. The effectiveness of
both approaches was confirmed through phase recon-
struction from amplitude spectrograms of speeches.

2. Griffin–Lim Algorithm

Phase reconstruction based on the consistency has
been widely studied because it does not require any as-
sumptions for the target signals. GLA, which is one of
the most popular consistency-based phase reconstruc-
tion algorithm, is formulated as

X[m+1] = PC
(
PA(X[m])

)
, (1)

where m is the iteration index, and two projections,
PC and PA, are given by

PC(X) = GwG†
wX, (2)

PA(X) = A⊙X⊘ |X|, (3)

Gw is STFT, G†
w is its pseudo inverse, ⊙ and ⊘ are

element-wise multiplication and division, respectively,
and division by zero is replaced by zero. While GLA
has been widely used, it may require many iterations
and results in a low-quality signal especially with esti-
mated amplitude spectrograms.

3. Griffin–Lim like phase reconstruction

via ADMM

In this section, I propose two phase reconstruction
algorithms using ADMM [1], which can obtain better
phase in fewer iterations than GLA.
3. 1 Proposed algorithms
GLA can be interpreted as the alternating projec-

tion for the following optimization problem:

min
X,Z

ιA(X) + ιC(Z) s.t. X = Z, (4)

where ιΩ(·) is the indicator function of the set Ω. By
applying ADMM to the optimization problem given
in Eq. (4), the first phase reconstruction algorithm is
obtained as

X[m+1] = PA(Z[m] −U[m]), (5)

Z[m+1] = PC(X
[m+1] +U[m]), (6)

U[m+1] = U[m] +X[m+1] − Z[m+1]. (7)

Considering an estimated amplitude spectrogramA,
the existence of the solution of Eq. (4), the union of
the two sets A ∪ C, is not ensured. To ensure the ex-
istence of a solution, I propose the relaxation of the
indicator function ιC to the squared distance d2C. The
relaxed optimization problem is formulated as

min
X,Z

ιA(X) +
1

2
d2C(Z) s.t. X = Z. (8)

By applying ADMM to this relaxed problem, the sec-
ond phase reconstruction algorithm is obtained as
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Fig. 1 Boxplots of MUSHRA scores taken from [1].

X[m+1] = PC2(Z
[m] −U[m]), (9)

Z[m+1] = proxd2
C1

/2ρ(X
[m+1] +U[m]), (10)

U[m+1] = U[m] +X[m+1] − Z[m+1]. (11)

3. 2 Subjective evaluation
The proposed algorithms were applied to phase re-

construction from amplitude spectrograms of 10 utter-
ances from TIMIT database. The naturalness of the
reconstructed utterances was evaluated by MUSHRA
(Multiple Stimuli with Hidden Reference and Anchor)
test in 3 conditions‡ by 10 listeners. The proposed al-
gorithms were compared with GLA and fast GLA, and
all algorithms were iterated 10 times. Algorithm 2
with different parameters, ρ = 0.1, 0.3, 1.0, will be
abbreviated as Alg. 2a, 2b, and 2c, respectively.
Fig. 1 shows boxplots summarizing the MUSHRA

scores with the results of t-test (p<0.001). In all con-
ditions, Alg. 2a significantly outperformed both GLA
and fast GLA. Since the computational cost of the
proposed algorithms per iteration is the same as GLA,
they are preferable for low-computational applications.

4. Deep Griffin–Lim iteration

In this section, I propose an architecture for
phase reconstruction, named deep Griffin–Lim itera-
tion (DeGLI) [2], which is a unification of GLA and a
DNN. As illustrated in Fig. 2, DeGLI is consists of the
common sub-block, and thus it can be interpreted as
the time unfolded RNN.
4. 1 Architecture of DeGLI
The sub-block of DeGLI is formulated as:

Y[m] = PA(X[m]), (12)

Z[m] = PC(Y
[m]), (13)

X[m+1] = Z[m] − F (X[m],Y[m],Z[m]), (14)

where F is a DNN. This procedure indicates that
the residual component estimated by the DNN is sub-
tracted from GLA’s output in each iteration. As an
advantage of DeGLI, the whole architecture can be
deeper without increasing the number of trainable pa-
rameters.
Since training a DNN in phase reconstruction is not

easy due to the periodic nature, I propose to train
the sub-block to be a denoiser. Let X⋆ be a complex-
valued spectrogram of a target signal, that of complex-

valued noise be N, and X̃ = X⋆+ N be a degraded

‡：To imitate imperfection of estimated amplitude spectro-

grams in applications, babble noise was added to the speech sig-

nals in the time-domain where the signal-to-noise ratio (SNR)

was set to 0 dB or 20 dB, and then the oracle Wiener filter was

applied in the time-frequency domain for obtaining degraded

amplitude spectrograms.
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Fig. 2 A block diagram of the proposed architecture for re-

constructing phase from a given amplitude spectrogram

(top), which stacks a common sub-block (bottom). This

figure is taken from [2].
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Fig. 3 Average scores of STOI and PESQ per iteration for

GLA and the proposed DeGLI [2].

one. Then, the DNN is trained to estimate the noise

which should be reduced from Z̃, i.e.,

min
θ

D
(
X⋆, Z̃− Fθ(X̃, Ỹ, Z̃)

)
. (15)

It can be expected that the denoising sub-block in-
cluding GLA-inspired layers also works well in phase
reconstruction. Note that, the sub-block including the
DNN only affects the phase of the output because the
amplitude is always set to the given one by PA at the
last of DeGLI architecture.
4. 2 Numerical experiment
In order to validate the effectiveness of the pro-

posed DeGLI architecture, the quality of reconstructed
speeches was evaluated by STOI and PESQ. The train-
ing of the DNN F , which stacks convolutional layers
with gated linear units, used the WSJ0.
The STOI and PESQ per iteration averaged among

the test set is shown in Fig. 3. The objective evalua-
tions of DeGLI were always higher than those of GLA
at each iteration, and they increased as the number
of iteration increased. Since the iteration means the
depth of the proposed DeGLI architecture, this result
indicates that one can iterate the sub-block until the
quality of the reconstructed signal become satisfactory.

5. Conclusion

In this thesis, two consistency-based phase recon-
struction approaches were proposed. The first ap-
proach employed ADMM, and the second one used
a DNN. Future works include the unification of both
proposed algorithms.
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