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•グラフの統計解析 (相関分析)

•ニューラルネット

•特徴量学習 (表現学習, 埋め込み)

•モデル選択/汎化の評価 (特にWAIC, 特異/過剰パラメータモデル)

•ノンパラ推定/ミニマックス最適性/収束レート

•形状制約付きの関数推定 (可逆関数推定, (部分的)単調関数推定)

•ロバスト推定/ロバスト最適化

4

私の論文で今まで使った研究キーワード

今日の話は（広義で）ここに含まれている
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Research Background



Position and velocity of stars: 
their observation uncertainty are different for each star. 

Setting (1/3)
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”Uncertainty set” for the observation:



Nonlinear pre-processing is important: 
from observation to conserved feature

Setting (2/3)
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Non-linear preprocessing twists the uncertainty sets!

Setting (3/3)

𝑍𝑖 ∈ ℝ𝑑: covariate 
(observed position/velocity）

“Uncertainty set”

𝑋𝑖 ∈ ℝ𝑞: feature 
(conserved quantity）𝑓

8



Example: feature uncertainty sets of stars

Each curve represents the
feature uncertainty set of each star.
(Obviously, non-convex)
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Previous Studies



In Astronomy

• Roederer (2018): 
48 stars having large uncertainty are removed from observed 83 stars.
(Namely, only 35 stars are considered)
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• Okuno and Hattori (https://arxiv.org/abs/2204.08205, This study)

• Hattori, Okuno, and Roederer (https://arxiv.org/abs/2207.04110):

We use observations of 35 + 48 + 78 = 161 stars!

4 years later
Additional observations are obtained. 

Used in R(2018)

Ignored in R(2018)

New observations

https://arxiv.org/abs/2204.08205
https://arxiv.org/abs/2207.04110


In Statistics

( https://towardsdatascience.com/k-means-a-complete-introduction-1702af9cd8cより)

Ex) K-means (MacQueen et al., 1967) min
𝜇1,𝜇2,…,𝜇𝑘

෍

𝑘=1

𝐾

෍

𝑖=1

𝑛

𝑠𝑖𝑘 𝑥𝑖 − 𝜇𝑘 2
2

Assignment Cluster center

Feature 
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Most of classical approaches does not consider the uncertainty.

https://towardsdatascience.com/k-means-a-complete-introduction-1702af9cd8c


1) Clustering with the uncertainty

1. UK-means (Chau et al. KDD2006)

min
𝜇1,𝜇2,…,𝜇𝑘

෍

𝑘=1

𝐾

෍

𝑖=1

𝑛

𝑠𝑖𝑘𝐸𝑝𝑖( 𝑥𝑖 − 𝜇𝑘 2
2)𝑥𝑖 follows a normal distribution 𝑝𝑖:

Minimizing the expected distance to cluster center 𝜇𝑘

Proves that UK-means = K-means applied to 𝑥𝑖
′ ≔ 𝐸𝑝𝑖(𝑥𝑖)

➢ Lee et al. (ICDM2007 workshop)

➢ Cormode and McGregor. (2008)

Another fast approximation of UK-means, UK-median

➢ Ngai et al. (ICDM2006)
Fast approximation of UK-means

Proves meaninglessness of K-means…
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2. Possible-world models (Volk et al. 2009; Zufle et al. 2014)

Parallel computation for all the possible combinations
→ aggregation. 

3. Hierarchical clustering + Distribution distance
(Kriegel and Pfeifle 2005; Jiang et al. 2013)

Compute the distance between distributions 𝑝𝑖 , 𝑝𝑗 of covariates 𝑋𝑖 , 𝑋𝑗
→ distance-based clustering

All the approaches take expectation

Large computational complexity
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2) Robust optimization

Optimizing the worst case (=pessimistic attitude)

Application to K-means clustering (Vo et al. 2016)

max
෤𝑥1∈𝒳1,…, ෤𝑥𝑛∈𝒳𝑛

min
𝜇1,𝜇2,…,𝜇𝑘

෍

𝑘=1

𝐾

෍

𝑖=1

𝑛

𝑠𝑖𝑘 ෤𝑥𝑖 − 𝜇𝑘 2
2

Worst-case loss

A major idea in the field of optimization. 
Also known as adversarial attack; now gathers attention from ML community.
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Summary of previous studies

• 1. UK-means (Chau et al. 2006; Ngai et al. 2006; Lee et al. 2007;…)

• 2. Possible-world models (Volk et al. 2009; Zufle et al. 2014)

• 3. Distribution distance + Hier. clust. (Kriegel and Pfeife 2005; …)

• Robust optimization + clustering (Vo et al. 2016)
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Taking expectation w.r.t. covariate uncertainty

Taking worst case w.r.t. covariate uncertainty. 
(Pessimistic attitude)



Uncertainty set in our setting…

• No meaning to take expectation
• Worst case analysis results in devastating output 

(only 1 big cluster is output then)
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Proposal

18



Our idea：optimizing the best case (=optimistic attitude)

Greedy, and Optimistic Clustering (GOC) Algorithm

Minimizing the cluster radius
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We may employ arbitrary clustering method as the clustering oracle. 
(e.g. k-means, GMM, mean-shift, …)



Bit detailed..

Step 1) making a discrete set approximating the uncertainty set:

Step 2) repeat the following steps:

1. Clustering the current representatives 𝑥1 ∈ 𝒳1, 𝑥2 ∈ 𝒳2, … (e.g., K-means)

2. Compute the clustering centers

3. Assign new representatives to minimize the distance to cluster centers
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In case of K-means…
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Loss function:

Conventional:

Optimistic:

𝜒1, 𝜒2, … , 𝜒𝑛 : covariates, (𝑠𝑖𝑘): cluster assignments

Taking max = robust optimization



Experiments

22



Experiments：Realistic Dataset

• oknakfm/GOC (github.com)

• N=275, 𝑞 = 3 dimensional

• Each star 𝑖 has discrete uncertainty set with 𝑚𝑖 = 101 points

• 10 instances are generated with 10 different random seeds

• Same birthplace = same class

• Baseline: clustering with some representatives:
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Taking expectation w.r.t. covariates

https://github.com/oknakfm/GOC


GOC with K-means: scores are improved

Proposal Large penalty
≈ K-means + representatives

Optimistic+K-means
> Representatives+K-means
≧ UK-means 

>> Pessimistic+K-means (robust optimization)
24



With different number of initial clusters

In any case, the proposed GOC improves the clustering scores
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While 15 iterations is needed for exact convergence, 
it almost converges in an early iteration. 

Only 2~3 iterations is needed to obtain better results (than existing methods)
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With different clustering oracles
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Real data analysis
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Overlap to Roederer (2018)

(in Hattori, Okuno, and Roederer, https://arxiv.org/abs/2207.04110 )

https://arxiv.org/abs/2207.04110


Discussion
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Similar approach can be found in regression problem:

• Errors-in-variables (EiV) regression

Covariate 𝑋 has an error 𝐷

Deming regression is known to reduce the bias (Adcock 1878, Kummell 1879, Deming 1943, …)

Deming regression selects 𝑋 (as well as GOC)
30



Robust statistics is optimistic
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Outliers

Robust statistics aims to ignore outliers 

(by considering the optimistic case)



Bias-variance tradeoff under misspecification
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Less bias Less Variance

Robust statistics (div.-based..)

Optimistic approaches (Distributionally) robust optimization

Adversarial learning

MLE

Trade-off theory: Gotoh (2018)

Lasso = Robust opt. with L1 (around design mat.)
(Xu et al. TIT2010)
https://ieeexplore.ieee.org/abstract/document/5484998

Can we integrate these two?
= Robust statistics applied to Lasso (?)

stats optim

Deming regression (for EiV regression)

https://ieeexplore.ieee.org/abstract/document/5484998


Conclusion

• We proposed GOC, that considered the uncertainty for each individual.
• GOC was applied to realistic dataset, and the scores are improved. 
• GOC was also applied to the real dataset (in H., O., and R., ApJ2023). 
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https://arxiv.org/abs/2204.08205 (methodology; under review)
https://arxiv.org/abs/2207.04110 (application; accepted to ApJ2023)
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