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主要成果１：高次元非線形特徴選択 主要成果２：最適輸送 (続き)

⽬標
l 医療, 材料分野において科学的発⾒をサポートする機械学習基盤

の構築
l 重要な特徴をデータから精度よく容易に⾒つけられる⼿法の研究開発
l 機械学習研究者以外でも容易に利⽤可能なソフトウェア開発

l 新規の科学的発⾒を容易にする基盤を確⽴し, ヘルスケア, 材料, 
農業等の分野で⾰新を⽬指す
l 医療費の削減 (個別化医療, 疾病予測)
l 材料発⾒の⼤幅な効率化

高次元統計モデリングチームの研究概要
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解釈性
l 少数特徴で⾼い予測性能
l 特徴の信頼度がわかる （仮説検定）
チャレンジ
l ⾮線形モデルは複雑 （誰も利⽤しない）
l ⾮凸最適化が利⽤される（最適化が難しい）

2022年度主要成果
l 特徴選択

l Knockoff filterに基づいた選択的推論 (AISTATS 2022)
l Graph Neural Networkのための解釈⽅法GraphLimeの提案 (IEEE TKDE)

l 最適輸送（⾼次元データの類似度計算）
l ⽊構造Barycenter推定 (AISTATS 2022)
l 1-Wasserstein距離の近似⽅法の提案 (TMLR 2022)
l ⾼次元最適輸送⼿法の提案 (ECML 2022)
l Word Moverʼs Distanceの再評価 (ICML 2022)
l ロバストな最適輸送⽅法の提案 (ICLR 2023)

l ⾼次元・構造データの学習
l へシアン⾏列近似⼿法のimplicit differentiation への適応 (AISTATS 2023)

l 機械学習応⽤
l 細胞核画像分類のための⼿法の

高次元小標本データ
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主要成果２: 最適輸送

カーネル選択的推論
(AISTATS 2022)
lKnockoff filterを初めて
カーネル法(HSIC, MMD)
に適⽤. 
lK個の特徴を選択
lKnockoff filterを⽤いて
検定を⾏う

lFDRのコントロールが
可能

lGithub
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最適輸送の研究開発
我々のチームでは最適輸送の研究に取り組んでおり特
に最適輸送の研究に取り組んでいる。

l複数⽊に基づいた⽊構造Wasserstein距離 NeurIPS 2019
l不均衡⽊構造最適輸送の研究 NeurIPS 2020, AISTATS 2021
lNeural Architecture Search (NAS)への応⽤ NeurIPS2021
l異なるドメイン間の⽊構造最適輸送 AISTATS 2021
l密度⽐推定に基づいた最適輸送 ECML 2021
l⽊構造データにおけるBarycenter推定 AISTATS 2022
l⾼次元データのための最適輸送 ECML 2022 
lWord Mover’s Distance (WMD)の再評価 ICML 2022
l⽊構造最適輸送を⽤いたWasserstein距離の近似 TMLR 2022

⽊構造Wasserstein距離を⽤いた
1-Wasserstein距離の近似 (TMLR 2022)
任意のメトリックの1-Wasserstein距離をL1距離で近
似する⽅法(TWD)を提案。

Lasso法に基づいた重み学習法を提案.

は1-Wasserstein距離の任意のメトリック.

<latexit sha1_base64="MT/KrGCDukwgax2+13oMNQkcJio="></latexit>

WT (µ, ⌫) = kdiag(w)B(a� b)k1,
B = [b1, b2, . . . , bNleaf ].

TWD:

⽊のパラメータ
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d(xi,yi)
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Table 4: Document classification results for the Twitter, BBCSport, and Amazon datasets. We used the ten
nearest neighbor classifiers. For the Sinkhorn algorithm, we set the regularization parameter with 10≠2 and
the maximum iteration with 100, respectively. We ran the algorithms five times by changing the random
seed and report the averaged classification accuracy. For the proposed method, we set the regularization
parameter as ⁄ = 10≠3.

Methods Twitter BBCSport Amazon
WMD (Sinkhorn) 0.675 ± 0.033 0.973 ± 0.015 0.903 ± 0.006

QuadTree 0.701 ± 0.027 0.970 ± 0.016 0.865 ± 0.001
qTWD 0.691 ± 0.028 0.967 ± 0.014 0.847 ± 0.036

Sliced-QuadTree 0.694 ± 0.017 0.970 ± 0.020 0.877 ± 0.001
Sliced-qTWD 0.697 ± 0.027 0.967 ± 0.014 0.887 ± 0.011

ClusterTree 0.683 ± 0.019 0.901 ± 0.056 0.873 ± 0.010
cTWD 0.699 ± 0.032 0.962 ± 0.016 0.878 ± 0.006

Sliced-ClusterTree 0.694 ± 0.010 0.929 ± 0.037 0.900 ± 0.011
Sliced-cTWD 0.700 ± 0.021 0.970 ± 0.018 0.905 ± 0.010

Table 5: Time comparisons for the Twitter, BBCSport, and Amazon datasets. For training, we computed
the time using Xeon CPU E5-2690 v4 (2.60 GHz). For the test, we ran all the methods with an A6000 GPU.
We ran the algorithms five times by changing the random seed and report the averaged computational time.
We computed the average time consumption for comparing entire documents in the training set with one
document for the test. The number in the parenthesis of each dataset is the number of the word vectors
used in this study.

Training (CPU) Test (GPU)
Dataset Methods Cost matrix Tree const. Training set gen. Lasso

Sinkhorn 3.0 n/a n/a n/a 0.159
QuadTree n/a 8.0 n/a n/a 9.1 ◊10≠5

Twitter ClusterTree n/a 6.0 n/a n/a 8.8 ◊10≠5

(Nleaf = 4, 489) qTWD (⁄ = 10≠3) n/a 8.0 39.4 4.1 8.8 ◊10≠5

cTWD (⁄ = 10≠3) n/a 6.0 49.8 11.7 9.0 ◊10≠5

Sinkhorn 14.7 n/a n/a n/a 0.125
QuadTree n/a 24.9 n/a n/a 8.7 ◊10≠5

BBCsport ClusterTree n/a 21.3 n/a n/a 8.8 ◊10≠5

(Nleaf = 10, 103) qTWD (⁄ = 10≠3) n/a 24.9 95.6 4.5 8.7 ◊10≠5

cTWD (⁄ = 10≠3) n/a 21.3 109.7 12.4 8.7 ◊10≠5

Sinkhorn 183.4 n/a n/a n/a 2.24
QuadTree n/a 162.2 n/a n/a 1.1 ◊10≠4

Amazon ClusterTree n/a 126.3 n/a n/a 1.1 ◊10≠4

(Nleaf = 30, 249) qTWD (⁄ = 10≠3) n/a 162.2 368.8 5.6 1.2 ◊10≠4

cTWD (⁄ = 10≠3) n/a 126.3 366.8 12.9 1.2 ◊10≠4

Table 4 shows the classification accuracies for each method. The proposed weighting-based approaches
compare favorably with the WMD (Sinkhorn). In particular, the proposed method can significantly improve
the ClusterTree cases, whereas the improvements with the vanilla QuadTree method are modest.

5.4 Computation and memory costs

Table 5 summarizes the computational costs for training and testing. For training, we measured the average
computational cost using a Xeon CPU E5-2690 v4 (2.60 GHz) for computing the cost matrix and constructing

14

1-Wasserstein距離 (WMD)よりも数百倍⾼速かつ同等
の性能を得る⽅法を提案︕

GraphLIMEの提案 (TKDE 2022)

lGraph Neural Network (GNN)の解釈⼿法である
GraphLIMEを提案

lアイディア: HSIC Lasso法をGNN解釈に適応

Explained node
Sampling node
Original feature
Feature as explanation(a) (b) (c)

Learning

Neural

Powerful

Deep

Neural_network

Neural

Deep

Prediction from GNN

Figure 1: Sample neighbors of the explained red node; (b) Obtain finite numbers of features as explanations (the green part of the features
of the red node); (c) Present explanations to users.

data is a challenging task since it needs to combine both feature information of nodes as well as graph information together.
Currently, Graph Neural Networks (GNNs) are widely used because of their powerful modeling capability with regard to
graphs. GNNs use neural networks to incorporate the feature information of nodes in a graph and as well as the structure
information and pass these messages through the edges of the graph in non-Euclidean domains. However, GNNs are noto-
riously difficult to interpret, and their predictions are hard to explain, similar to that in DNNs. It is important to develop an
interpretation method for GNNs because it can improve the transparency of a GNN model and contribute to getting humans
to trust the model. Although there exists a large number of interpretation methods designed for DNNs, these methods are
not suited for GNN-model interpretation because they do not explicitly use the graph information but perform in Euclidean
domains.

Recently, GNNexplainer [9] was proposed. It can find the subgraph and select features of the explained node as
explanations, but it mainly focuses on graph structures and not on finding useful features. An alternative idea is to use
LIME [3], which uses a linear explanation model to find features as explanations for GNN. However, the performance of
LIME can be poor, because LIME does not take the graph structure information into account. Moreover, if the underlying
model is highly nonlinear even in the locality of the prediction, such as that in the case of GNN models, a linear explanation
model may not be able to produce faithful explanations.

In this paper, we propose another GNN explanation method based on LIME [3] in a nonlinear manner. More specif-
ically, we propose GraphLIME, a model-agnostic and nonlinear approach for providing locally faithful explanations for
GNN-based models in a subgraph, whose procedure with a toy explanation sample is shown briefly in Figure 1. It samples
N -hop network neighbors of the node being explained and locally captures the nonlinear dependency between features
and predictions based on HSIC Lasso. GraphLIME is a simple yet effective interpretation method, which locally finds the
most representative features as explanations in a nonlinear manner. Note that GraphLIME can be treated as a nonlinear
graph-variant of the LIME method [3], which considers perturbation near the node being explained and applies a linear
interpretable model. Generally, Nonlinear explanation methods perform better than linear methods as shown in Figure
2. Through experiments on two real-world datasets, it is shown that the explanations of GraphLIME are of extraordinary
degree and more descriptive in comparison to the existing explanation methods.

2 Related Work
In this section, we briefly review related work from two aspects. The first one is the recent development of GNNs, the
second one is the review of interpretation methods for neural models.

2.1 Graph Neural Networks
Recently, there have been many studies on extending deep learning approaches for graph data. GNNs [10] recursively
incorporate the node feature information and structure information of a graph from the neighborhood into a neural network
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⽊構造重⼼推定(AISTATS 2022)

lTree Wasserstein distanceを利⽤したBarycenterの推定
⽅法を提案
l提案法は凸最適化かつProjected gradient descentを使って
⾼速に計算可能︕

Yuki Takezawa1,2, Ryoma Sato1,2, Zornitsa Kozareva3, Sujith Ravi4, Makoto Yamada1,2

(a) MNIST (b) AMAZON (c) AGNews

Figure 2: Objective function value for Eq. (3) with the entropic regularization. The results are averages for all
categories. To compute the loss at each barycenter, we use the Sinkhorn algorithm with the same parameters
as the IBP. The FS-WB (IBP + 1e-3) denotes the barycenter normalized such that the sum is one after all
probabilities in the FS-WB (IBP) less than 0.001 are set to zero.

SWB on all datasets. The reason is that, because a
tree has more degrees of freedom than a chain, a tree
can approximate the original space better than a chain.
Next, we compare the FS-WB and the FS-TSWB. On
all datasets, the loss at the FS-TSWB decreases as
the number of sampled trees increases. In particular,
on MNIST, as the number of sampled trees increases,
the loss at the FS-TSWB becomes smaller than the
loss at the FS-WB obtained by the IBP. Because there
are many pixels on which the probability is zero in all
images, the probability on many pixels is zero in the
optimal FS-WB. However, in practice, the probability
on these pixels are not zero in the FS-WB obtained by
the IBP. Indeed, the result shows that, in the FS-WB
obtained by the IBP, the loss decreases by setting the
probability below the threshold to zero. On the other
hand, in the FS-TSWB obtained by the FastPSD, the
probability on these pixels is zero by the projection
onto the simplex per iteration. As a result, the loss
at the FS-TSWB obtained by the FastPSD is smaller
than the loss at the FS-WB obtained by the IBP.

4.4 Visualization of Barycenters

In this section, we show a visualization of the barycen-
ters. Fig. 3 shows the FS-WB, the FS-SWB, and the
FS-TSWB on MNIST. Comparing the FS-SWB and
the FS-TSWB, the FS-TSWB is closer to the FS-WB
than the FS-SWB. In the FS-SWB, some pixels have an
unnaturally high probability. In particular, the pixels
in the area indicated by the blue stars in Fig. 3 have a
high probability even if the number of chains increases.
By contrast, in the FS-TSWB, the probability on the
pixels in the area indicated by the blue stars is properly
zero even if the number of trees is one. Moreover, the
results show that increasing the number of the trees can
make the FS-TSWB smoother. Appendix F includes
the remaining visualization of the barycenters.

Figure 3: Visualization of the FS-WB, the FS-SWB,
and the FS-TSWB on MNIST.

4.5 Time Consumption

In this section, we evaluate the time consumption of
the FS-TSWB. Table 1 shows the time required to
solve the FS-WB and FS-TSWB problems by using
the IBP and the FastPSD respectively. When the
number of sampled trees is one, the FS-TSWB can
be solved faster than the FS-WB on all datasets. In
particular, on AGNews, using the FastPSD, the FS-
TSWB can be solved approximately 125 times faster
than the FS-WB. Comparing the time consumption
of the FS-TSWB when the number of trees increases,
the time consumption of the FS-TSWB increases in
proportion to the number of sampled trees. Then, there
is the trade o↵ between the performance and the time
consumption.

In addition, we evaluate the time consumption in more
details on MNIST. Fig. 4 shows the time consumption
when varying the number of images and when varying
the number of supports by resizing the image. The
results show that the time consumption of the IBP and
the PSD increases linearly with respect to the num-
ber of samples. By contrast, the time consumption of
the FastPSD increases with O(log(N)). As a result,
the time consumption of the FastPSD is almost the
same even if the number of samples increases. Next,

Fixed Support Tree-Sliced Wasserstein Barycenter

Then, given a set of probability measures {µi|µi 2
P (Vleaf)}Ni=1, the tree-Wasserstein barycenter on Vleaf

is defined as follows:

µdT 2 argmin
µ2P (Vleaf)

1

N

 
NX

i=1

WdT (µ, µi)

!
, (5)

which we refer to as the fixed support tree-Wasserstein
barycenter (FS-TWB). In the FS-TWB problem, we
only need to consider the probability measures on Vleaf.
Combining Eq. (5) with Eq. (2), the objective function
is rewritten as follows:

B = wv �
✓
(I�D1)�1D2

I

◆
, (6)

f(a) =
1

N

NX

i=1

kBa�Baik1, (7)

where [ai]k = µi(v|Vin|+k) and [a]k = µ(v|Vin|+k). We

define A = {a 2 R|Vleaf|
+ | kak1= 1}. The FS-TWB

problem can then be formulated as follows:

a 2 argmin
a2A

f(a). (8)

3.2 Optimization Method

The objective function f is a nondi↵erentiable convex
function and Lipschitz continuous, and the feasible
region A is convex. Therefore, the FS-TWB problem is
a convex optimization problem, which can be solved by
using the projected subgradient descent (PSD) (Boyd
et al., 2003). In other words, the PSD converges to an
arbitrarily close approximation to the global minimum
value of the FS-TWB problem. Algorithm 1 shows the
PSD for the FS-TWB problem. In the following, we
describe each modules of this algorithm in detail.

Projection onto a simplex. The function projA in
Algorithm 1 is the projection of a given vector x 2
R|Vleaf| onto the simplex A, which is defined as follows:

projA(x) = argmin
a2A

kx� ak22. (9)

This can be solved using the algorithm proposed by
Duchi et al. (2008) in O(|Vleaf|log(|Vleaf|)).

Subgradient of f . One of the subgradients of f at
a(k) is calculated as follows:

g(k) =
1

N
B>

 
NX

i=1

sign(Ba(k) �Bai)

!
,

where sign is the element-wise signum function. Here-
after, we describe the time complexity required to com-
pute g(k). For all i, Bai needs to be computed only
once before starting the iterations. In addition, Ba(k)

Algorithm 1: PSD for the FS-TWB.

1: Input: Probability measures a1,a2, . . . ,aN , and
step size 0 < �1 and 0 < �2  1.

2: Output: The FS-TWB.
3: Let a(0) 2 A.
4: abest  a(0)

5: f
best  f(a(0))

6: for k = 0, 1, . . . ,K do
7: Let g(k) be an any subgradient of f at a(k).
8: �

(k)  �1

(k+1)�2kg(k)k2

9: a(k+1)  projA(a(k) � �
(k)g(k))

10: f
(k+1)  f(a(k+1))

11: if f
best

> f
(k+1) then

12: abest  a(k+1)

13: f
best  f

(k+1)

14: end if
15: end for
16: return abest

needs to be computed only once per iteration. Because
B is a sparse matrix that has at most D|Vleaf| non-zero
elements, Ba(k) is computed in O(D|Vleaf|). Therefore,
g(k) is computed in O(N |V |+D|Vleaf|). Because the
internal nodes that have only one child node can be
abbreviated, we can assume |V |< 2|Vleaf| without a
lack of generality. Then, the time complexity required
to compute g(k) is O((N +D)|Vleaf|).

Objective function value. Next, we describe the
time complexity required to compute f(a(k)). Consid-
ering that Ba(k) �Bai is computed when computing
the subgradient, the time complexity required to com-
pute the objective function value is O(N |Vleaf|). In
summary, the time complexity for each iteration of the
PSD is O(|Vleaf|(log(|Vleaf|) +N +D)), which is faster
than the IBP in terms of the number of supports |Vleaf|.

3.3 Fast Projected Subgradient Descent

The bottlenecks of the PSD are two parts: the part to
compute the subgradient g(k) and the part to compute
the objective function value f(a(k)). In this section, we
propose the algorithm to reduce these time complexity.

Subgradient of f . First, we show the algorithm to
reduce the time complexity for computing the subgra-
dient g(k). We define b(k) = Ba(k), bi = Bai and
z(k) =

PN
i=1 sign(b

(k) � bi). (i.e., g(k) = 1
NB>z(k)).

Then, the j-th element of z(k) is computed as follows:

[z(k)]j =
NX

i=1

sign
⇣
[b(k)]j � [bi]j

⌘
. (10)

From Eq. (10), [z(k)]j depends only on the number

Feature Robust Optimal Transport
の提案 (ECML 2022)
lFeature Robust Optimal Transport (FROT)
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Feature-Robust Optimal Transport for High-Dimensional Data

Fig. 7: Qualitative examples sampled from SPair-71k. For each image, the red
points represent the keypoints to be matched while the green points denote the
prediction and the blue ones denote the ground truth. Figures in left panels are
FROT results and the in right panels are Sinkhorn results, respectively.

Fig. 8: Qualitative examples sampled from SPair-71k. For each image, the red
points represent the keypoints to be matched while the green points denote the
prediction and the blue ones denote the ground truth. Figures in left panels are
FROT results and the in right panels are Sinkhorn results, respectively.

Proposed method Baseline (CVPR 2020)

本年度まとめ

- 高次元非線形特徴選択手法の提案
- 最適輸送における重心(Barycenter)の超高速計算技術を
開発

- 高次元データからの最適輸送手法を提案

高次元統計モデリングチームは2023/3月末で閉鎖します。
これまで6年間サポートいただきありがとうございました。
今後は研究の場を沖縄科学技術大学院大学に移し引き続き
機械学習の研究活動を続ける予定です。上記研究テーマに
ご興味あれば是非mlds@oist.jpまでご連絡ください！

お知らせ

mailto:mlds@oist.jp

