
• Dirichlet Distribution

- A distribution over random vectors satisfying non-negativity and 

norm constraints (vectors on the standard simplex).

- Standard Simplex
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1. Research Background1. Research Background

• Nonnegative matrix factorization: NMF [Lee+, 1999]

- A method to approximate a nonnegative matrix by the product of two 

low-rank nonnegative matrices.

- NMF has been widely applied to audio, image, and biomedical signal 

processing.

3. Proposed Method3. Proposed Method

2. 提案手法2. 提案手法
• Dirichlet-NMF

- KL-NMFにスムース性を促すディリクレ分布を用いた正則化項を追加

- の値で の基底に対しての正則化のパラメータを調整

➢ それぞれの基底に対してスムース度を決定できる

➢ パラメータが大きいほどスムース（パラメータは1以上）

- ディリクレ分布による制約で行列 の列方向の総和が1という制約

• 補助関数法

- 目的関数の上限となるように定義された補助関数を反復的に降下させるこ
とによって，近似的に解を探索する手法

- 目的関数の単調減少が保証されている

- Dirichlet-NMFの目的関数に補助関数法を適用したものが上式

• Dirichlet-NMFの反復更新式

- 補助関数法を適用したDirichlet-NMFの目的関数をディリクレ分布の制約
である という制約でラグランジェの未定乗数法により反復更新式
を導出

- 上式の囲った部分によりパラメータが1以上という制約が存在する

➢ の値が1未満の場合非負でなくなる可能性があるため

これ→
の導出も書く

4. Numerical Experiment4. Numerical Experiment

• Auxiliary function optimization with non-negativity and norm 

constraints

- Auxiliary minimization with non-negativity & norm constraints

- For generalized KL divergence + Dirichlet prior regularization
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2. Regularized NMF2. Regularized NMF
• Sparse NMF[Hoyer, 2004], [Le Roux+, 2015], [Marmin+, 2023], etc.

– L1-norm regularized NMF that induces sparsity in the factor matrices.

• Smooth NMF [Virtanen+, 2007], etc.

– Inducing smoothness via adjacency-difference regularization.

No existing regularization has unified sparsity and smoothness.

Scale indeterminacy between  and requires caution.

• MAP-based regularized NMF with a prior distribution
– MAP estimation assuming prior          on     .

– : Regularization from prior distribution

Introducing the Dirichlet distribution as a prior in NMF

Unifying sparsity and smoothness, avoiding scale

               indeterminacy
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• Case of a 3-Dimensional Random Vector

- Random Vector on the 2D 

Standard Simplex

-                         controls concentration toward vertices.

controls density of sparse/smooth vectors.
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• Objective function and optimization policy of Dirichlet NMF

- Assume that each column of the basis matrix (basis vector) is 

independently generated from the Dirichlet distribution.

- NMF uses the auxiliary function method, but must handle the norm 

constraint.        Add constraints to the upper bound minimization.

• Iterative update rules of Dirichlet NMF

For the Lagrangian    , the stationary point                      gives non-negative 

       within the index set    (defined for each   ).

• Conditions

- Compare how well the estimated      and

     match the true basis matrix

- Dirichlet parameters are set to induce 

sparse and smooth bases as shown 

in the figure

• Results
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5. Application to Howling Suppression5. Application to Howling Suppression

• Conditions

Basis matrixObserved spectrogram Coefficient matrix

Howling is 

suppressed
Extract bases and coefficients 

except for howling components

Regularize to be sparse

Howling

• Results
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- Violin plots of the SDR 

values, averaged over 

three speech signals 

and 50 random 

initializations

- Dirichlet NMF achieved 

a higher average SDR 

(8.83 dB) than 

L1-sparse NMF (0.80 dB),

confirming superior 

howling suppression

Dirichlet NMF
(proposed)

L1-sparse NMF

- Howling suppression was evaluatedon speech signals with simulated 

feedback noise.
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