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社会ネットワークの可視化
脇田建 東京工業大学・JST CREST
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自己紹介

✤ 脇田建

✤ 東京工業大学 大学院情報理工学研究科
数理・計算科学専攻 准教授

✤ JST CREST: （通称：Graph CREST，藤澤克樹＠中央大リーダー）
ポストペタスケールシステムにおける超大規模グラフ最適化基盤

✤ 社会ネットワーク解析、コンパイラ、分散並列技術
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✤ 社会ネットワーク

✤ 社会ネットワークの可視化

✤ 大規模社会ネットワークの可視化

✤ 超大規模社会ネットワークの可視化
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本日のお話し



社会ネットワーク
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Deep South

✤ A. Davis (1941)

✤ 14 Events × 18 Women

✤ 社会ネットワーク解析のさきが
け
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Deep Southデータのメタ解析

✤ [DGG41], [HOM50], [P&C72], 
[BGR74], [BBA75], [BCH78], 
[DOR79], [BCH91], [FRE92], 
[E&B93], [FR193], [FR293], 
FW193, [FW293], [BE97], 
[S&F99], [ROB00], [OSB00], 
[NEW01], ...
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Karate Club

✤ 1970年代、某米国大学の空手ク
ラブが分裂した。メンバーの友
人関係を調査した人類学調査。

W. W. Zachary, An information flow model for conflict 
and fission in small groups,
J. Anthropological Research 33, 452-473 (1977).
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Twitter Follower/Followee

UmBC eBiquity research group
http://ebiquity.umbc.edu/blogger/?p=1137
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http://ebiquity.umbc.edu/blogger/?p=1137
http://ebiquity.umbc.edu/blogger/?p=1137


Follows & Replies-to on Twitter:
“forward2012” in tweets (sep. 9-10, 2012)
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✤ Gephi
✤ フリーソフト

✤ gephi.org

✤ NodeXL
✤ MS Excel のプラグイン

✤ www.nodexlgraphgallery.org/

社会ネットワーク可視化ソフト
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✤ Gephi
✤ フリーソフト

✤ gephi.org

✤ NodeXL
✤ MS Excel のプラグイン

✤ www.nodexlgraphgallery.org/

社会ネットワーク可視化ソフト

Visual analytics
Exploratory data analysis
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社会ネットワークの可視化
伝統的グラフ描画
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社会ネットワーク

✤ 頂点と辺

✤ G = (V, E)

✤ 頂点集合 V:
空手の場合、選手

✤ 辺集合 E:
空手の場合、選手間の友人関係
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社会ネットワークデータ

✤ 0: 1, 2, 3, 4, 5, 6, 7, 8, ...

✤ 1: 0, 2, 3, 7, ...

✤ 2: 0,1, 3, 7, 8, 9, ...

✤ 3: 0, 1, 2, 7, ...

✤ 4: 0, 6, ...

✤ 5: 0, 6, ...

✤ 6: 0, 4, 5, ...
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社会ネットワークデータの可視化

✤ 0: 1, 2, 3, 4, 5, 6, 7, 8, ...

✤ 1: 0, 2, 3, 7, ...

✤ 2: 0,1, 3, 7, 8, 9, ...

✤ 3: 0, 1, 2, 7, ...

✤ 4: 0, 6, ...

✤ 5: 0, 6, ...

✤ 6: 0, 4, 5, ...
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社会ネットワークの可視化
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社会ネットワークの可視化
　　　　　グラフのレイアウト
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グラフレイアウトに求められる要件

✤ ゲシュタルト心理学：プレグナンツの視覚法則

✤ 近接しているもの同士はグループとして知覚される

✤ 頂点の類似性 ⇔ 近接性

✤ 伝統的な読み易さの指標

✤ 辺が交差しないこと、辺の長さが揃うこと

✤ グラフの対称性を表現できること

✤ 頂点が平均的に分散すること、遠隔頂点が隣接しないこと
18



レイアウトアルゴリズムの類型

✤ 力学モデル

✤ バネモデル: [Eades 1984], [FR 1991]

✤ エネルギー最小化法: [KK 1989], [DH 1996]

✤ 次元削減

✤ Distance scaling: [TKS 1980]

✤ 古典的多次元尺度法 (MDS): [BP 2007]
19



Eadesのバネモデル (1984)

✤ G = (V, E)

✤ V をいい加減に配置

✤ ∀e = (v1, v2) in V×V.
    if e in E: バネ
    else:        斥力

✤ repeat M:
    ∀v in V:
        合力の分だけ移動 P. Eades: A heuristic for graph drawing.

Congressus Numerantium (42), 1984.
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Eadesのバネモデル (1984)

✤ G = (V, E)

✤ V をいい加減に配置

✤ ∀e = (v1, v2) in V×V.
    if e in E: バネ  c1 log(d/L)
    else:       斥力   -c2/d2

✤ repeat M:
    ∀v in V:
        合力の分だけ移動
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Fruchterman & Reingold (1991)

✤ G = (V, E)

✤ V をいい加減に配置

✤ ∀e = (v1, v2) in V×V.
    if e in E: 引力  d2/k
    else:        斥力 -k2/d

✤ repeat M:
    ∀v in V:
        合力の分だけ移動

T. M. Fruchterman & E. M. Reingold: Graph 
drawing by force-directed placement.
Software Pract. Expre. (21), 1991. 22



Kamada & Kawai (1989)

✤ グラフのレイアウトはグラフ論的距離を実現するべきだ

✤ グラフ論的距離（全対最短路） vs 地理的距離（ユークリッド距離）

✤  

✤ Compute (p1, p2, ...) that minimize Energy

✤ Newton-Raphson法で求解

Energy =
X

(v1,v2)2E

(|pi � pj| � lij)
2

T. Kamada & S. Kawai: An algorithm for 
drawing general undirected graphs.
Inform Process Lett. (31), 1989. 23



Torgerson-Kruskal-Seery (1980)

✤ 多次元尺度構成法 (MDS)

✤ 距離行列とユークリッド距離の差を最小化するために、与えられ
た距離行列にヤング・ハウスホルダー変換を施す手法。

✤ MDS(D) ⇒ (p1, p2, ...): pi が高次元ユークリッド空間における座標

✤ P・pi = qi: 高次元座標 pi を2次元空間に射影したqiを描画
J. B. Kruscal & J. B. Seery: Designing network diagrams.
in proc. conf. Social graphics, 1980.
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Hosobe (2012): 力学モデルの最適化基盤

✤ 既存の力学モデル (Eades, Kamada-Kawai, Fruchterman-Reingold) に
ついてポテンシャルに関する最適化問題とした統一的な枠組みとL-
BFGS法を用いた求解法。

H. Hosobe: Numerical optimization-based graph drawing 
revisited, PacificVis, 2012, IEEE.

(a) L-BFGS/KK (b) L-BFGS/HC (c) L-BFGS/Eades (d) L-BFGS/FR

(e) neato/KK (f) neato/major (g) fdp (h) sfdp

Figure 9: The rna graph drawn by (a) L-BFGS/KK, (b) L-BFGS/HC, (c) L-BFGS/Eades, (d) L-BFGS/FR, (e) neato/KK, (f) neato/major, (g) fdp,
and (h) sfdp.
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大規模社会ネットワークの可視化

26

グラフ描画の問題が見えてきた



大規模ネットワーク可視化の課題

✤ 計算量

✤ KK, MDS: O(|V|2)

✤ 全対最短距離: O(|V|3)

✤ ピクセル数 << 頂点数

✤ 毛玉

27



社会ネットワークの可視化：毛玉
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毛玉問題
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毛玉の背景

✤ 社会ネットワークの直径は6

✤ グラフ論的距離 < 6

✤ 理想的なグラフ配置は直径6の
超球への詰め込み？！

✤ コミュニティ構造は？

30



Level-of-Detail Visualization of Clustered Graph Layouts
Michael Balzer Oliver Deussen

Department of Computer and Information Science
University of Konstanz, Germany

ABSTRACT

The level-of-detail techniques presented in this paper enable a com-
prehensible interactive visualization of large and complex clustered
graph layouts either in 2D or 3D. Implicit surfaces are used for the
visually simplified representation of vertex clusters, and so-called
edge bundles are formed for the simplification of edges. Addition-
ally, dedicated transition techniques are provided for continuously
adaptive and adjustable views of graphs that range from very ab-
stract to very detailed representations.

Keywords: Graph visualization, level-of-detail, clustered graphs,
implicit surfaces, edge bundles.

Index Terms: I.3.6 [Methodology and Techniques]: Interaction
Techniques; H.5.2 [Information Interfaces and Presentation]: User
Interfaces;

1 INTRODUCTION

The visualization of graphs plays a vital role in the field of informa-
tion visualization, and an enormous number of layout algorithms as
well as a broad variety of visualization techniques exist. However,
a major problem of these commonly known techniques is the limi-
tation of current display devices, and the human cognitive system in
general. A graph visualization containing more than a few hundred
vertices and edges, results in incomprehensible representations with
many overlappings and occlusions, which make a differentiation
and a closer investigation of individual vertices and edges almost
impossible. Furthermore, the performance limitations of graphics
hardware restrict the interactivity of graph visualizations. In fact,
real world data sets have grown by magnitudes and often consist of
thousands or even millions of vertices and edges, such as in data of
transportation networks, financial transactions, social networks of
internet communities or software structures.

For the investigation of these large and complex data sets, it is
necessary to provide abstracted views that reduce the amount of
presented information and simultaneously limit the geometric com-
plexity of the representation in order to enable interactivity. An ob-
vious solution is an automatic or user-driven collapsing of parts of
the graph. The disadvantage of this method is that the structure of

the graph is modified, which often results in an unavoidable recom-
putation of the layout, and eliminates relevant information about
the collapsed vertices and edges.

This paper presents a level-of-detail approach that only modifies
the visual representation of the graph and does not alter the structure
or the computed layout of the graph. Level-of-detail techniques are
commonly used in computer graphics for the viewpoint-dependent
rendering of objects, in which distant objects are rendered with less
detail to decrease the polygon count. The approach presented in
this paper uses level-of-detail to reduce the polygon count for inter-
actively visualizing large and complex graphs, as well as to reduce
the visual complexity of the information in general.

Level-of-detail techniques are based on the substitution of a
complex object by a simplified object or the substitution of a group
of objects by a single one. In the here presented level-of-detail ap-
plication, groups of vertices and groups of edges are substituted.
Consequently, the prerequisite is grouping information at different
abstraction levels based on the spatial distribution of the vertices.
Thus, this approach is specific to clustered layouts.

In the following Section 2, related work is addressed, and ba-
sic knowledge of clustered graphs and level-of-detail is imparted.
Section 3 presents the level-of-detail approach for clustered graph
layouts based on implicit surfaces and edge bundles. Finally, a dis-
cussion of the achieved results is given in Section 4.

2 BACKGROUND

2.1 Related Work
An enormous amount of work has been published in the field of
graph drawing to generate meaningful visualizations of graphs—
overviews can be found in [4, 14]. Most of previous as well as
ongoing work concentrates on graph layouts, thus focusing on the
spatial distribution of the vertices and the routing of the edges of
the graph. The visualization itself is generated by drawing an ob-
ject for each vertex at its computed positions and representing edges
by direct line connections or curves. Visualizing large and complex
graphs with these basic techniques result in ambiguous representa-
tions with many overlappings and occlusions.

Approaches that take advantage of meta data, like clustering or
hierarchical information, are rare. If meta information is consid-
ered, mostly the structure of the graph is modified by collapsing
groups of vertices to one single vertex and the connected edges re-
spectively. Thereby relevant information about the collapsed sub-
graph is largely lost. Approaches that consider meta information
and do not alter the structure and/or the layout of the graph are
presented in [10, 6, 19, 7]. Here, hyperspheres, ellipsoids, or rect-
angles are wrapped around clusters of vertices, with the disadvan-
tage that the vertex distribution within the clusters is not very well
represented because of the non-adaptive shapes. A more advanced
approach that uses implicit surfaces to extract and visualize vertex
clusters in graphs is presented in [8, 18]. The thereby generated
cluster representations are much more adaptive to the spatial struc-
ture of the contained vertices. Because of the focus on cluster ex-
traction, this approach neither considers hierarchical clustering nor
level-of-detail representations. Another approach [1] of the authors
of the here presented paper already used implicit surfaces to em-
phasize two-dimensional graph structures, but without considering

アプローチ

✤ Barnes-Hut 近似: N体問題で利用される高速化手法
J. Barnes & P. Hut: A hierarchical O(N log N) force-calculation algorithm, Nature (324), 1986.   O(N2) 
→ O(N log N)

✤ Loack’s LinLog: グラフレイアウト指標のうち辺の長さの条件を緩和
A. Noack: An energy model for visual graph
clustering, in proc. GD03, 2004.

✤ Clustered Graph & LoD
M. Balzer & O. Deussen: Level-of-Detail
visualization of clustered graph layout, in proc. APVIS 2007.

✤ ネットワーク構造の反映 (杉原，村田)

✤ 階層化クラスタリング (Social Cosmo Browser)
31



構造をもったネットワークの可視化

✤ 杉原，村田：Singedネットワークに拡張した力学モデルのデモ
(D3.js/Google Chrome)

✤ Signed: 好き／嫌い関係・賛成／反対関係

✤ 通常の力学モデル

✤ Singedネットワークに応じて引力／斥力を設定した力学モデル
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Signedネットワークの素朴な可視化
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構造をもったネットワークの可視化
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Social Cosmo Browser

✤ 大規模階層化社会ネットワーククラスタリング技術との組み合わせ
K. Wakita & T. Tsurumi: Finding community structure in mega-scale social networking service, 
in proc. IADIS WWW/Internet, 2007.

✤ モジュール性指標を用いたクラスタ間関係性指標

✤ MDSを用いた階層化グラフの3D可視化

✤ LoD可視化

越田港，細部博史，脇田建: 大規模社会ネットワークの階層的視覚化手法の提案，
コンピュータソフトウェア 28(2), 2011.
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Social Cosmo Browser
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Social Cosmo Browser

✤ オフラインバッチ処理

✤ クラスタリング (4min. for 88万
頂点，622万辺，3,350クラスタ)

✤ クラスタ間関係性分析

✤ クラスタサブグラフへのMDSの
並列適用 → 高次元ユークリッド
空間から3次元空間へ射影 (TKS
法)

✤ インタラクティブ処理

✤ LoD

✤ メモリバッファ管理

✤ キャッシュ管理
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AGI3D: 高次元グラフ配置向けUI

H. Hosobe: An extended high-dimensional method for interactive graph drawing, in proc. 
APVIS 2005.
高見，細部，脇田: 射影に基づく対話的三次元グラフ可視化手法，2012-HCI-164(6), 2012. 38



超大規模ネットワークの可視化
Graph CREST　
ポストペタスケールシステムにおける
超大規模グラフ最適化基盤
藤澤＠中央，鈴村@東工大＆IBM，佐藤＠東工大，脇田
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次期 Social Cosmo Browser

✤ High Performance Gephiを目指す 

✤ 超大規模グラフの可視化＆操作技術の提供

✤ 数億頂点，数百億辺，属性つき社会ネットワーク

✤ 主要課題

✤ 並列グラフクラスタリング

✤ 並列グラフレイアウト

✤ 大規模グラフの操作UI: LoD & 毛玉ほぐし
40



次期版 Social Cosmo Browser

大規模グラフインタラクション層大規模グラフインタラクション層 
AGI3D高速化/GPGPU 多次元グラフ射影
データ通信／キャッシュ レイアウトDB

大規模グラフ処理層大規模グラフ処理層
高速グラフ配置 全対最短路
並列クラスタリング 中心性解析
グラフライブラリ グラフデータ収集
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Desktop Social Cosmo Browser
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まとめ

✤ 小規模社会ネットワーク可視化: グラフレイアウト

✤ 大規模社会ネットワーク可視化

✤ 各種高速化技法，ネットワーク構造分析，データ圧縮，UI

✤ 超大規模社会ネットワーク可視化

✤ HPC，分散並列アルゴリズム，データ構造，通信最適化，UI
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