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マルチホップ推論︓記号的な知識を繋ぎ合わせて帰
結を得る

John went to the bank. He got a loan.

John(x1) ∧ go(x1, x2) ∧ bank(x2) ∧ he(y1) ∧ get(y1, y2) ∧ loan(y2)

issue(u2, y2, y1) => get(y1, y2)

issue(x2, u1, x1) => go(x1, x2)

money(y2) => Issue(x2, y2, y1) ∧ financial_inst(x2)

financial_inst(x2) => bank(x2)
loan(y2) => money(y2)x1=y1

⼊⼒︓

観測︓

heはJohnを指す money(y2)
bankは銀⾏を意味する Johnはお⾦を得た
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可能な繋ぎ合わせ⽅は無数にある

issue(u2, y2, y1) => get(y1, y2)

issue(x2, u1, x1) => go(x1, x2)

money(y2) => Issue(x2, y2, y1) ∧ financial_inst(x2)

financial_inst(x2) => bank(x2)
loan(y2) => money(y2)x1=y1

heはJohnを指す money(y2)
bankは銀⾏を意味する Johnはお⾦を得た

記号だけですべての条件を記述するのは難しい
=>知識の繋ぎ合わせ⽅を学習したい



• 古典的な記号論理の研究
=>学習と結びつけていない

• 深層学習に基づくend-to-endの枠組み
=> 明⽰的に記号的な知識を⼊れていない
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マルチホップ推論の学習の研究は限られている

本論⽂︓マルチホップ推論（記号的な知識を繋ぎ合わせ
て帰結を得る）のための機械学習アプローチを模索



• 第１章 Introduction

問題設定①︓述語論理上のマルチホップ推論（交通シーンに
おける潜在的な危険予測）
• 第２章 Explaining Potential Risks in Traffic Scenes by Combining 

Logical Inference and Physical Simulation (Takahashi+, IJMLC’17)

問題設定②︓命題論理上のマルチホップ推論（知識ベース補
完）
• 第３章 Interpretable and Compositional Relation Learning by Joint 

Training with an Autoencoder (Takahashi+, ACL’18)
• 第４章 Universal Graph Embedding: An Empirical Analysis（会誌『⾃
然⾔語処理』査読中）

• 第５章 Conclusions
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本論⽂の構成
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本論⽂の構成



• 仮説推論
• 交通シーン（観測）から危険に
⾄る推論のホップを観測されて
いない情報（仮説）を補いなが
ら導く

• 知識ベース︓
• オントロジー
• If-then ルール

貢献︓
• 物理シミュレーションと統合し，物
理法則に関わる推論も可能にした

• 実際の交通シーンからデータセット
作成
• 推論規則や仮説の重みを学習
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問題設定①︓交通シーンにおける潜在的な
危険予測 [Takahashi+’17 IJMLC]
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交通シーンの危険予測のタスク定義
⼊⼒

センサーから得られる情報
（例︓⾞載カメラやLiDAR）
• 定量データ（形状, 位置, 速度）
• 定性データ（交通シーンの記述）

出⼒

尤度スコア付きの危険の説明
（⼆段階）
• 衝突するエンティティとその⾏動ペア
• 危険に⾄る説明全体

Score Entity-action 
0.8 Taxi(T) stops

0.5 Pedestrian(P) 
cross the road

シーン記述:
Pedestrian(P), Taxi(T),
Me(Me), LeftFrontOf(T, P), …

(形状, 位置, 速度)

Score Entity-action Explanation
0.8 Taxi(T) stops Woman raises 

her hand, Taxi 
suddenly stops, 
then the ego-
vehicle collides.

0.5 Pedestrian(P) 
cross the road

...
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リランキングに基づくパイプライン式モデル

シーン記述

知識ベース 論理推論

物理シミュ
レーション定量データ

⼊⼒

⼊⼒

危険の説明

出⼒

仮説推論器 [Inoue+ 15]
• 候補となる危険のランキングを
定性情報を使って⽣成

• 「どのエンティティがどんな危
険な⾏動を取りうるか︖」

⾏動に基づく物理シミュ
レーション
• 危険の候補を定量情報を使って
リランキング
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データセットとタスク設定

危険予測システム

危険なエンティ
ティ・⾏動ペア

+メタデータ 元データ
• 東京農⼯⼤学による「ヒヤリハットデータ
ベース」

• 衝突や急ブレーキなどの危険に⾄る⼗数秒間
の録画映像が10万件以上

• 知識ベースの規模︓
• If-thenルール︓13種類
• Is-a知識︓211種類

2D俯瞰マップ
• 実際の危険の2秒前のスナップショット
• ⼈⼿で379件作成



2021-01-25 博⼠論⽂本審査会 11

実際のモデル出⼒例

TABLE III: Accuracy of risk prediction models.

Validation Test

Model Acc@1 Acc@3 Acc@5 Acc@1 Acc@3 Acc@5

BASELINE 52.8 (38/72) 80.6 (58/72) 90.3 (65/72) 55.6 (40/72) 77.8 (56/72) 93.1 (67/72)
INFERENCE 51.4 (37/72) 80.6 (58/72) 90.3 (65/72) 58.3 (42/72) 77.8 (56/72) 91.7 (66/72)
INF+PHYSIM 51.4 (37/72) 81.9 (59/72) 90.3 (65/72) 58.3 (42/72) 77.8 (56/72) 91.7 (66/72)

Fig. 4: Example trajectories our physics simulator output. Scene ID
is 1397 on the database. The boxes represent vehicles, and the lines
that drawn from vehicles represent trajectories.

machine learning-based ranker or classifier, it is relatively harder to
predict this kind of richer explanations.

Finally, we compare INFERENCE with INF+PHYSIM. The results
indicate that physics simulation did not improve the results of
qualitative inference. In future work, we will conduct a deeper
analysis on the results of physics simulation and refine the entire
framework to improve the results.

VI. CONCLUSIONS

We have developd an Advanced Driver Assistance System (ADAS)
that can recognize potential risks in traffic scenes and provide the
reasoning for its prediction. We have extended our previous qualita-
tive risk prediction model with physics simulation to overcome the
weakness of qualitative inference. Our evaluation on a real-life traffic
incident database demonstrates the potentiality of our approach.

In future work, we will refine the task setting for more practical
evaluation. Currently, the task setting requires us to predict a risk
exactly two seconds after the input scene; however, in practice,
predicting any risks after the input scene will be beneficial. Another
future work will include evaluating the quality of produced explana-
tions.
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Actual risk: Car will change lanes to avoid ParkingCar

① There is a parked 
car in front of Car

② There is a lane on 
the right side of Car

③ Car changes 
lane to the right

④ Me collides with 
Car in 3.6 seconds

Model Predicted risky 
entity-action

Explanation Quantitative 
prediction

Baseline Car will stop X X
Proposed1 Car will change lanes ✔ X
Proposed2 Car will change lanes ✔ ✔

Model Predicted risky 
entity-action

Explanation

Baseline Car will stop X
Proposed1 Car will change lanes ✔
Proposed2 Car will change lanes ✔

Model Predicted risky 
entity-action

Baseline Car will stop
Proposed1 Car will change lanes
Proposed2 Car will change lanes
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本論⽂の構成



• 関係知識︓「もの」と「もの」の間の関係
• <ヘッドエンティティ, 関係, テールエンティティ> の三つ組
• 知識ベース（知識グラフ）︓関係知識を蓄積したデータベース

• 知識ベース補完︓既知の関係知識を使って未知の関係知識を予測
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知識ベース補完

field_of_workdeveloper
TensorFlow

Google Brain

Machine Learningused_for

Chainer ?used_for

背景



マスタータイトルの書式設定

エンティティ︓似たエン
ティティが互いに近いよう
な低次元ベクトルとして表
現

関係: ベクトル空間中の変換と
して表現

変換︓
• 平⾏移動
• 線形写像
• ⾮線形変換
• …

2021-01-25 14

Vector Based Approach︓関係知識を低次元の
ベクトル空間でモデル化

PFN

Google Brain

Chainer

TensorFlow

博⼠論⽂本審査会

背景



マスタータイトルの書式設定

TransE [Bordes+’13]
• 関係は平⾏移動

• 関係の表現能⼒が低い
– 1対1の関係しか表現できな
い

• 実践的には他のモデルと遜⾊
ない精度

Bilinear [Nickel+’11]
• 関係は線形写像

• 関係の表現能⼒が⾼い
– 多対多の関係を表現できる

• ⾏列のパラメタが多く学習が
難しい
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𝑑! 𝑑𝑑 𝑑

𝒓

+ 𝑑 ・≈

関係の主要な２つの表現⽅法

𝑑

博⼠論⽂本審査会

𝒉 𝒕

≈

𝒓𝒉 𝒕

背景
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Vector based modelの学習

field_of_work

TensorFlow

Google Brain

Machine Learningused_for

TensorFlow developer
TransE

[Bordes+’13] +
Google Brain

≈

developer

パラメタ更新

背景
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Vector based modelにおけるマルチホップ
推論の学習

field_of_work

TensorFlow

Google Brain

Machine Learningused_for

TensorFlow developer
TransE

[Bordes+’13] +
Google Brain

≈

developer

マルチホップTransE
[Guu+’15, Lin+’15]

TensorFlow developer

+
field_of_work ML

≈+

背景
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Vector based modelにおけるマルチホップ
推論の学習

マルチホップTransE
[Guu+’15, Lin+’15]

TensorFlow developer

+
field_of_work ML

≈+

• 関係の合成をより良く捉える [Guu+’15]
• developer + field_of_work ≈ used_for
• それに伴う知識ベース補完の性能向上

背景



• 直感︓三つ組 ℎ, 𝑟!/⋯/𝑟", 𝑡 に対し，
𝒉 + (𝒓𝟏 +⋯+ 𝒓𝒍) = 𝒕

• グラフからサンプルされるパスに対してスコア関数 𝑓 が⼤きいほど
良い
• 𝑓 ℎ, 𝑟, 𝑡; Θ ≔ − 𝒉 + 𝒓 − 𝒕
• 𝑓 ℎ, 𝑝, 𝑡; Θ ≔ − 𝒉 + 𝒓𝟏 +⋯+ 𝒓𝒍 − 𝒕

• 𝑝 = 𝑟!/⋯/𝑟"
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定式化

𝒉
𝒓𝟏

𝒕

𝒓𝟐

𝒓𝟑

TensorFlow
used_for

Machine Learning

developer
field_of_work

背景



• Max-margin loss:

ℒ Θ =6
%&!

'

6
(!∗∈𝒩(,#,.#)

max(0, [𝛾 + 𝑓0 − 𝑓1])

𝑓0 = 𝑓 ℎ%, 𝑝%, 𝑡!∗; Θ , 𝑓1 = 𝑓(ℎ%, 𝑝%, 𝑡%; Θ)

• 𝛾: マージン
• モデルが許容する正例と負例の間の最⼩の距離
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最適化

正例のスコア負例のスコア

ℎ$

𝑡$𝑝$

𝑡$∗
グラフ上で接続している正例が
ランダムにサンプルされた負例よりも
(ℎ$, 𝑝$) で⾶んだ先に近づくように学習

背景
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本論⽂︓知識ベース補完において⼆つの課題に対処

Bilinearモデルのパラメタ過多問題
• 第３章 Interpretable and Compositional 

Relation Learning by Joint Training with an 
Autoencoder (Takahashi+, ACL’18)

• アイデア︓オートエンコーダとの同時学習に
よる正則化

知識ベースの疎性
• 第４章 Universal Graph Embedding: An 

Empirical Analysis（会誌『⾃然⾔語処理』査
読中）

• アイデア︓テキストとして出現する関係との
同時学習
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マスタータイトルの書式設定

𝒗(

𝑑

提案⼿法
関係の⾏列を低次元のコードから
復元するオートエンコーダを学習

Base モデル
関係を⾏列で表現し，マルチ
ホップの学習ができるよう拡張
[Nickel+’11, Guu+’15, Tian+’16]
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①オートエンコーダとの同時学習

Finding
1. 関係の⾏列の⾼い次元を削減する
2. 関係の合成の学習を助ける

𝑑!

𝒖)* 𝑴+!

𝑑・ 𝑑! 𝑑!𝑐

元の⾏列 復元後
𝑴+ 𝑴+

,

𝑑!

𝑴+"

・

同時学習

𝑑 ・

𝒗(

𝑑! 𝑑!

⼊⼒が更新されない通常の
オートエンコーダと異なる

博⼠論⽂本審査会
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𝒗(

𝑑

提案⼿法
関係の⾏列を低次元のコードから
復元するオートエンコーダを学習

Base モデル
関係を⾏列で表現し，マルチ
ホップの学習ができるよう拡張
[Nickel+’11, Guu+’15, Tian+’16]

2021-01-25 25

①オートエンコーダとの同時学習

𝑑!

𝒖)* 𝑴+!

𝑑・ 𝑑! 𝑑!𝑐

元の⾏列 復元後
𝑴+ 𝑴+

,

𝑑!

𝑴+"

・

同時学習

𝑑 ・

𝒗(

𝑑! 𝑑!

学習が難しい
⽬的関数が⾮凸
à簡単に局所的最⼩解に陥る

博⼠論⽂本審査会



マスタータイトルの書式設定

既存
SGDの学習率の⼀般的な設定⽅法
[Bottou, 2012]:

改変後
モデルの異なる部分には異なる学
習率を持たせる

2021-01-25 26

② SGDの改変（学習率の分離）

𝛼 𝜏 ≔
𝜂

1 + 𝜂𝜆𝜏

𝜂: 初期学習率

𝜆: L2正則化項の係数

𝜏: 訓練事例のカウンタ

𝛼&' 𝜏( ≔
𝜂&'

1 + 𝜂&'𝜆&'𝜏(

𝛼)* 𝜏( ≔
𝜂)*

1 + 𝜂)*𝜆)*𝜏(
𝜂&': KBの⽬的関数のための 𝜂
𝜂)*: オートエンコーダのための 𝜂
𝜆&': KBの⽬的関数のための 𝜆
𝜆)*: オートエンコーダのための 𝜆
𝜏+ : エンティティ𝑒のカウンタ
𝜏( : 関係 𝑟のカウンタ

戦略
モデルの異なる部分には異なる学習率を持たせる

博⼠論⽂本審査会



2021-01-25 27

③オートエンコーダとの同時学習のための学習率

1/(𝜆67𝜏+)

𝜂67

0 𝜏+

𝛼(𝜏+)

𝜂89

1/(𝜆89𝜏+)

オートエンコーダ (AE) 
の⽬的関数
低次元のコードに適合

𝛼&' 𝜏( ≔
𝜂&'

1 + 𝜂&'𝜆&'𝜏(

知識ベース (KB) の
⽬的関数
エンティティの予測

𝛼)* 𝜏( ≔
𝜂)*

1 + 𝜂)*𝜆)*𝜏(

学習の初期段階
• AEはランダムに初期化
• ⾏列をAEに適合させること
に意味がない

学習が進むにつれて
• 𝛼&' と 𝛼)* をバラン
スさせる

博⼠論⽂本審査会
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Base vs. オートエンコーダとの同時学習

オートエンコーダとの同時学習はベースの
bilinearモデルの性能をさらに引き上げる

評価指標:
• MR (Mean Rank):
低い⽅が良い

• MRR (Mean Reciprocal Rank):
⾼い⽅が良い

• H10 (Hits at 10):
⾼い⽅が良い

モデル:
• Base: Bilinearモデル

[Nickel+’11]
• 提案⼿法: 関係の⾏列をオート
エンコーダと同時に学習する

Model WN18RR FB15k-237
MR MRR H10 MR MRR H10

Base 2447 .310 54.1 203 .328 51.5
提案⼿法 2268 .343 54.8 197 .331 51.6

博⼠論⽂本審査会



Model WN18RR FB15k-237
MR MRR H10 MR MRR H10

Ours
Base 2447 .310 54.1 203 .328 51.5
提案⼿法 2268 .343 54.8 197 .331 51.6

Re-experiments
TransE [Bordes+’13] 4311 .202 45.6 278 .236 41.6
RESCAL [Nickel+’11] 9689 .105 20.3 457 .178 31.9
HolE [Nickel+’16] 8096 .376 40.0 1172 .169 30.9

Published results
ComplEx [Trouillon+’16] 5261 .440 51.0 339 .247 42.8
ConvE [Dettmers+’18] 5277 .460 48.0 246 .316 49.1

2021-01-25 29

先⾏研究との⽐較

ベンチマークデータセットで提案⼿法が最先端の性能

• Normalization
• Regularization
• Initialization

博⼠論⽂本審査会



• ⼆つの関係の合成がもう⼀つの関係に⼀致︓

• FB15k-237から154個の関係の合成を抽出

2021-01-25 30

関係の合成（マルチホップ推論）

field_of_work

used_for

developer

ソフトウェア

企業

分野

博⼠論⽂本審査会
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同時学習が関係の合成を⾒つけやすくする

Model MR MRR
Base 150±3 .0280±.0010
提案⼿法 130±27 .0481±.0090

オートエンコーダとの同時学習が合成の制約を
より発⾒しやすくする

field_of_work

used_for

developer

𝑴developer ⋅ 𝑴*ield_of_work
≈ 𝑴used_for

関係の合成があれば… 学習した関係の⾏列は
合成に従うはず

博⼠論⽂本審査会



アプローチ
• 関係の⾏列を復元するオートエンコ
ーダーと同時学習
• ⾏列の実質的なパラメタ空間が
⼩さくなる

結果
• ベンチマークデータセットFB15k-

237で当時最先端の精度
• マルチホップ推論の精度向上

• 「developer + field_of_work = 
used_for」をより良く捉える

2021-01-25 博⼠論⽂本審査会 32

Bilinearモデルのパラメタ過多問題 [Takahashi+, ACL’18]
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本論⽂︓知識ベース補完において⼆つの課題に対処

Bilinearモデルのパラメタ過多問題
• 第３章 Interpretable and Compositional 

Relation Learning by Joint Training with an 
Autoencoder (Takahashi+, ACL’18)

• アイデア︓オートエンコーダとの同時学習に
よる正則化

知識ベースの疎性
• 第４章 Universal Graph Embedding: An 

Empirical Analysis（会誌『⾃然⾔語処理』査
読中）

• アイデア︓テキストとして出現する関係との
同時学習



• 現実の知識ベース (Wikidata, UMLS, 
ConceptNet, ATOMIC, …) は疎
• ⼈⼿管理の壁

• ベンチマークデータセットは知識ベ
ースの密な部分を取り出している
• 既存の知識ベース補完モデルは
疎なグラフで低性能 [Pujara+’17, 
Malaviya+’20]

• 既存の知識ベース補完の問題設定は
⾮現実的

2021-01-25 博⼠論⽂本審査会 34

知識ベースの疎性

(Malaviya+’20)

アイデア︓多くの関係知識は知識ベースに存在せずとも
テキストして書かれている
àテキストの関係知識を追加して密なグラフを構築

x
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テキストコーパスから密なグラフを構築

“TensorFlow was developed by the Google Brain team”

“TensorFlow is also used for Machine Learning”

2021-01-25 博⼠論⽂本審査会
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テキストコーパスから密なグラフを構築

“TensorFlow was developed by the Google Brain team”

“TensorFlow is also used for Machine Learning”

field_of_workdeveloper

TensorFlow

Google Brain

Machine Learningused_for

エンティティリンキング
• アンカーテキスト
• ⽂字列照合

2021-01-25 博⼠論⽂本審査会
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テキストコーパスから密なグラフを構築

“TensorFlow was developed by the Google Brain team”

“TensorFlow is also used for Machine Learning”

field_of_workdeveloper

TensorFlow Machine Learningused_for

“was developed by the”

2021-01-25 博⼠論⽂本審査会

Google Brain
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テキストコーパスから密なグラフを構築

“TensorFlow was developed by the Google Brain team”

“TensorFlow is also used for Machine Learning”

field_of_workdeveloper

TensorFlow

Google Brain

Machine Learningused_for

“was developed by the”

“is also used for”

2021-01-25 博⼠論⽂本審査会
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構造化データ（知識ベース）と⾮構造化データ（テキスト）
の両⽅からなる密な “Universal Graph”

field_of_workdeveloper

TensorFlow

Google Brain

Machine Learningused_for

Chainer PFN“is developed by”

“leverages”

“was developed by the”

“is also used for”

2021-01-25 博⼠論⽂本審査会
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Universal Graph上でのシングルホップ推論例

field_of_work

TensorFlow

Google Brain

Machine Learningused_for

“leverages”
“is also used for”

developer

“was developed by the”

Chainer PFN“is developed by”

developer

“A be developed by (the) B”が <A, developer, 
B> を含意しやすいことから <Chainer, 
developer, PFN> を推論

2021-01-25 博⼠論⽂本審査会
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Universal Graph上でのマルチホップ推論例

TensorFlow

Google Brain

“is also used for”

field_of_workdeveloper

Machine Learningused_for

Chainer “is developed by”

“leverages”

“was developed by the”

used_for

2021-01-25 博⼠論⽂本審査会

(1) 関係パス developer/field_of_workが used_for を含意しやすい
(2) “is developed by” ≈ developer, “leverages” ≈ field_of_work
ことから <Chainer, used_for, Machine Learning> を推論

PFN
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知識ベースだけでは⼿がかりが得られない疎な部分の推論

TensorFlow

Google Brain

PFN

field_of_workdeveloper

Machine Learningused_for

Chainer “is developed by”

“leverages”

“was developed by the”

used_for

2021-01-25 博⼠論⽂本審査会

developer

推論の実現⽅法︓Universal Graph上でのVector Based Model
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Universal Graph Embedding: Universal Graph上での
Vector Based Model

field_of_work
developer

TensorFlow

Google Brain

Machine Learningused_for

マルチホップTransE
[Guu+’15, Lin+’15]

TensorFlow

“was 
developed 
by the”

+
field_of_work ML

≈+

“was developed by the”
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課題︓Textual Relationをどのようにベクトルにするか︖

field_of_work
developer

TensorFlow

Google Brain

Machine Learningused_for

マルチホップTransE
[Guu+’15, Lin+’15]

TensorFlow

“was 
developed 
by the”

+
field_of_work ML

≈+

“was developed by the”

• Bad: ⼀つの表現に⼀つのベクトルを割り当てる
• 関係を表す⾔語表現は多様
• スパースでまともな表現を学習できない

• 本研究︓⾔語モデルでエンコード



• ⾔語モデル︓⼊⼒系列を復元するオートエンコーダ

• ⼤規模な（数千万⽂の）テキストコーパスで⾔語モデルを事前学習
し，⽂分類など各タスクでファインチューニングする枠組みが流⾏
• モデル例︓ELMo, BERT, GPT-2, GPT-3, …
• 画像分野におけるVGGNet, ImageNetなどに相当

• 単語列の素性抽出器として利⽤可能

2021-01-25 博⼠論⽂本審査会 45

⾔語モデル

was developed by the

⾔語モデル

was developed by the

⾔語モデル

was developed by the

固定⻑ベクトル



• ⾔語モデル︓textual relationを⾔語の世界での潜在的な表現に変換
• 意味的に似た関係を表すtextual relationが似たベクトルになるこ
とを期待

• FFNN︓⾔語の世界での潜在的な表現を知識ベースの表現に変換
• Textual relationのエンコード結果のベクトルが，それと似た意味
を表すKG relationのベクトル付近に射影されることを期待

• “was developed by the” ≈ developer

2021-01-25 博⼠論⽂本審査会 46

Universal Graph Embeddingの学習と各コンポーネントの役割

TensorFlow “was developed by the”

+
field_of_work ML

≈+

was developed by the

⾔語モデル (BiLSTM)

FFNN KG relation: ⼀つの表現
に⼀つのベクトルを割
り当てる



①学習率のバランス︓異なる⽅法でエンコードされた関係のベクトル
の更新量をどのようにバランスさせるか︖

②学習戦略︓textual relationを学習サイクルの中でどのように使って
いくか︖
• ノイジーなtextual relationをフルに使った学習だけで良いか︖

③⾔語モデルの事前学習︓テキストで表された関係 (textual relation) 
を事前に学習する効果はあるか︖
• （KG relation: 知識ベースで予め定義された関係）
• 似た意味を表すtextual relationのベクトルは予め似ているべき

• “was developed by the” ≈ “is developed by”

④マルチホップ学習︓知識グラフとは性質が異なるUniversal Graphで
のマルチホップ学習は効果があるか︖

2021-01-25 博⼠論⽂本審査会 47

本論⽂のResearch Questions



• アプローチ︓Universal Graph上での
vector based model (Universal Graph 
Embedding) に該当

• 結果︓知識ベース補完の性能をテキ
ストがブースト

• 本研究のRQへの解はない
• ①学習率のバランス

• データ単位の重み付け
• ②学習戦略

• 記述なし
• ③⾔語モデルの事前学習

• ⾮⾔語モデル
• CNNによるエンコード

• ④マルチホップ学習
• シングルホップのみ

• Toutanova+’15以降，Universal 
Graph Embeddingに関する研究は存
在しない

2021-01-25 博⼠論⽂本審査会 48

関連研究︓Toutanova+’15

本研究︓Universal Graph Embeddingへの様々な（基礎的な）洞察の提供



EXPERIMENTS

2021-01-25 博⼠論⽂本審査会 49



• ⽣物医学ドメインの知識ベース (UMLS) とテキストコーパス
(MEDLINE) からUniversal Graphを構築

• UMLS︓有⽤な関係知識を得るためフィルタリング（論⽂参照）
• 約30万個のKG relation

• MEDLINE︓フィルタリングされた知識ベース上のエンティティをつ
なぐtextual relationのみを抽出
• 約5000万個のtextual relation

2021-01-25 博⼠論⽂本審査会 50

Universal Graphの構築
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訓練データと評価データの分割

field_of_work
developer

TensorFlow

Google Brain

Machine Learningused_for

“was developed by the”

元データ

知識ベースの関係知識だけを評価データとして使う



developer

used_for
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訓練データと評価データの分割

field_of_work

TensorFlow

Google Brain

Machine Learning

“was developed by the”

訓練

知識ベースの関係知識だけを評価データとして使う
（例︓<TensorFlow, developer, Google Brain> と <TensorFlow, 
used_for, Machine Learning> を評価データにする）



field_of_work“was developed by the”

2021-01-25 博⼠論⽂本審査会 53

訓練データと評価データの分割

知識ベースの関係知識だけを評価データとして使う
• Textual relationを追加の情報として有効に使えたか︖を確かめる
• 例︓Textual relationを使えていない場合，<TensorFlow, 

developer Google Brain>の予測は難しそう

developer

used_for

評価

TensorFlow

Google Brain

Machine Learning



• すべてのエンティティについてスコア付け
• TransE: − 𝒉 + 𝒓 − 𝒕

• ターゲットエンティティの順位に基づいて評価
• 平均順位 (Mean Rank; MR)
• 平均逆順位 (Mean Reciprocal Rank; MRR)
• 10位以内の割合 (Hits at 10; H10)

2021-01-25 博⼠論⽂本審査会 54

評価⽅法︓テール予測

テールエンティティ スコア 順位
Google Brain 5.0 1

✓ PFN 3.1 2
Tohoku University 1.5 4
Chainer 2.6 3

<Chainer, developer, ?>



UMLSとMEDLINEから構築したUGのサブセット︓
• Syntheticデータ

• 条件「すべての評価対象のKG relationに，対とな
るtextual relationが必ず存在する」を満たすよう
に辺を抽出

• 「対となるtextual relationを正しくエンコードで
きているか︖」を確かめる

• Naturalデータ
• Syntheticデータの条件で辺を抽出した後，元の

Universal Graphからランダムに辺を追加
• 「Textual relationとKG relationを組み合わせたマ
ルチホップ推論ができるか︖」を確かめる

2021-01-25 博⼠論⽂本審査会 55

評価⽤ベンチマークデータセットの構築

may_treat

“is treatment for”
“treats”

e1 e2

Syntheticデータ

Naturalデータ



• KG-single (Ks): KGからシングルホップパスをサンプル
• 通常の知識ベース補完の設定と同⼀

• KG-multi (Km): KGからシングルホップパスとマルチホ
ップパスをサンプル
• [Guu+’15]と同⼀の設定

• UG-single (Us): UGからシングルホップパスをサンプル
• [Toutanova+’15]と同⼀の設定

• UG-multi (Um): UGからシングルホップパスとマルチホ
ップパスをサンプル
• 本研究が初めて

2021-01-25 博⼠論⽂本審査会 56

学習時のパスのサンプリング⽅法



①学習率のバランス︓異なる⽅法でエンコードされた関係のベクトル
の更新量をどのようにバランスさせるか︖

②学習戦略︓textual relationを学習サイクルの中でどのように使って
いくか︖
• ノイジーなtextual relationをフルに使った学習だけで良いか︖

③⾔語モデルの事前学習︓テキストで表された関係 (textual relation) 
を事前に学習する効果はあるか︖
• （KG relation: 知識ベースで予め定義された関係）
• 似た意味を表すtextual relationのベクトルは予め似ているべき

• “was developed by the” ≈ “is developed by”

④マルチホップ学習︓知識グラフとは性質が異なるUniversal Graphで
のマルチホップ学習は効果があるか︖
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本論⽂のResearch Questions



• Max-margin loss:

ℒ Θ =6
%&!

'

6
(!∗∈𝒩(,#,.#)

max(0, [𝛾 + 𝑓0 − 𝑓1])

𝑓0 = 𝑓 ℎ%, 𝑝%, 𝑡!∗; Θ , 𝑓1 = 𝑓(ℎ%, 𝑝%, 𝑡%; Θ)

• 𝛾: マージン
• モデルが許容する正例と負例の間の最⼩の距離
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RQ1: 学習率のバランス

正例のスコア負例のスコア

ℎ$

𝑡$𝑝$

𝑡$∗異なる⽅法で計算されたベクトルが同⼀
の損失を受け取る
=>スケールを合わせなければ学習が不
安定になる

𝑟$$ 𝑟$,
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スケールを合わせない場合 (UG-single)

●: textual relation
✖: KG relation

Textual relationのベクトルがKG relationの外側で⼤きく振動を続ける
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モデルの部分ごとに別々の初期学習率を設定

“was developed by the” field_of_work

⾔語モデル (BiLSTM)

FFNN KG relation: ⼀つの表現
に⼀つのベクトルを割
り当てる

was developed by the

𝛼KG𝑤𝛼KG
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スケールを合わせることで学習が安定化

●: textual relation
✖: KG relation

𝑤の値はSyntheticデータで調整

✓RQ1:学習率のバランスは全てのデータセット・設定で有効



①学習率のバランス︓異なる⽅法でエンコードされた関係のベクトル
の更新量をどのようにバランスさせるか︖

②学習戦略︓textual relationを学習サイクルの中でどのように使って
いくか︖
• ノイジーなtextual relationをフルに使った学習だけで良いか︖

③⾔語モデルの事前学習︓テキストで表された関係 (textual relation) 
を事前に学習する効果はあるか︖
• （KG relation: 知識ベースで予め定義された関係）
• 似た意味を表すtextual relationのベクトルは予め似ているべき

• “was developed by the” ≈ “is developed by”

④マルチホップ学習︓知識グラフとは性質が異なるUniversal Graphで
のマルチホップ学習は効果があるか︖
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本論⽂のResearch Questions



• Textual relationはノイジー
• ⽂中に共起する⼆つのエンティティは必ずしも特定の関係性を
持たない

• ⼆つのエンティティが偶然共起するだけでUniversal Graphに追
加

• 直感︓Universal Graphから⼤まかに学習した後，Knowledge Graph
で精緻な調整をしたほうが良さそう

• ⼆つの戦略を実験的に⽐較
• Noisy-to-clean:「UG -> KG」の順に学習を進める
• Clean-to-noisy:「KG -> UG」の順に学習を進める

2021-01-25 博⼠論⽂本審査会 63

RQ2: Naturalデータでの学習戦略の実験
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RQ2: Naturalデータでの学習戦略の実験結果
RQ2: 学習戦略は効果あり
• 「UG -> KG」の順に学習
を進めることで⼀貫して
性能を改善

• Knowledge Graph単体だ
けで学習するよりも最終
的な精度が⾼くなる

• =>データとモデルの⼤
規模化を進めれば，「事
前学習-ファインチューニ
ング」パラダイムが知識
ベース埋め込みの分野で
も有効であることを⽰唆
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RQ2: Naturalデータでの学習戦略の実験結果

「Noisy-to-clean」戦略は
精度が頭打ち
=> UGのノイズの影響は
無視できない



①学習率のバランス︓異なる⽅法でエンコードされた関係のベクトル
の更新量をどのようにバランスさせるか︖

②学習戦略︓textual relationを学習サイクルの中でどのように使って
いくか︖
• ノイジーなtextual relationをフルに使った学習だけで良いか︖

③⾔語モデルの事前学習︓テキストで表された関係 (textual relation) 
を事前に学習する効果はあるか︖
• （KG relation: 知識ベースで予め定義された関係）
• 似た意味を表すtextual relationのベクトルは予め似ているべき

• “was developed by the” ≈ “is developed by”

④マルチホップ学習︓知識グラフとは性質が異なるUniversal Graphで
のマルチホップ学習は効果があるか︖
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本論⽂のResearch Questions
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RQ3: ⾔語モデルの事前学習

⾔語モデルの事前学習の有無で精度に変化は⾒られない

Synthetic

Natural

Natural

• MEDLINEから得られた100kのtextual relationで⾔語モデルを訓練

⾔語モデル
の事前学習



• 関係may_treatを表すtextual relationのベクトルの
周辺は似たものが集まっているか
• 詳細︓関係may_treatと対となるtextual 

relationのベクトルそれぞれに対し，最近傍ベ
クトルを10件取得．そのうち何件がmay_treat
と対になっているかの割合の平均を算出
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RQ3: ⾔語モデルの事前学習の実際の効果

may_treat

“is treatment for”
“treats”

e1 e2

⾔語モデル
事前学習

UGの学習 Acc

0.117
✓ 0.149

✓ 0.201
✓ ✓ 0.201

⾔語モデルの事前学習には⼀定の効果が認められるものの，
その後のUniversal Graphの学習が⽀配的
=> Textual relationのために設計されたエンコーダが必要



①学習率のバランス︓異なる⽅法でエンコードされた関係のベクトル
の更新量をどのようにバランスさせるか︖

②学習戦略︓textual relationを学習サイクルの中でどのように使って
いくか︖
• ノイジーなtextual relationをフルに使った学習だけで良いか︖

③⾔語モデルの事前学習︓テキストで表された関係 (textual relation) 
を事前に学習する効果はあるか︖
• （KG relation: 知識ベースで予め定義された関係）
• 似た意味を表すtextual relationのベクトルは予め似ているべき

• “was developed by the” ≈ “is developed by”

④マルチホップ学習︓知識グラフとは性質が異なるUniversal Graphで
のマルチホップ学習は効果があるか︖
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本論⽂のResearch Questions
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RQ4: マルチホップ学習

Synthetic

Natural

• 学習時にKnowledge Graphだけ
からパスをサンプリングする場
合，マルチホップ学習は性能向
上に貢献
• Textual relationは使わない

• [Guu+’15, Takahashi+’18]などと
⼀貫する結果
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RQ4: マルチホップ学習

Synthetic

Natural

• 学習時にUniversal Graphからパ
スをサンプリングする場合，マ
ルチホップ学習は性能向上に貢
献しない

• => Universal Graphのノイズの
影響



• 評価インスタンスを，訓練データでの最短経路⻑に基づいて分類
• 各分類ごとにMRRを算出

• 最短経路⻑が3以上の場合，まともな予測ができない
• Textual relationが三つ連なる経路が最も多い
• Textual relationそのもののノイズと，マルチホップによるコンテ
キストの捨象のため，極めて困難な問題設定

• =>パスの選択機構やコンテキストをグローバルに計算する機構
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Universal Graphのマルチホップのノイズ



• Universal Graph Embeddingという枠組みが知識ベース補完の精度向上
に有⽤であることを再確認（Toutanova+’15と⼀貫）

• 四つのResearch Questionsにフォーカスをあてた
• ①学習率のバランス

• モデルの異なる部分に異なる初期学習率を設定する戦略が有効
• 全てのデータセットで効果あり

• ②学習戦略
• 「Noisy-to-clean」戦略が効果あり
• 「事前学習-ファインチューニング」パラダイムの⼀つと⾒るこ
とができる

• ③⾔語モデルの事前学習
• 精度に直接的な影響は⾒られない
• Textual relationのためのエンコーダが必要

• ④マルチホップ学習
• 性能向上に貢献しない
• ノイズへの対処のため，パスの選択機構やコンテキストを捨象
しないことが必要
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第４章の実験まとめ



• 関係知識上でのマルチホップ推論について，「述語論理
」と「命題論理」という⼆つの問題設定における機械学
習アプローチを論じた

• 三つ組のテールを予測する「知識ベース補完」という，
関係推論を単純化した問題設定においても，解決すべき
課題が⼭積

• 構造化データと⾮構造化データの統合という観点は「知
識ベース補完」にとどまらず，あらゆる問題設定で有効

• 実験設定をより現実に近づけていく努⼒が業界全体で必
要
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本論⽂のまとめと今後の展望



APPENDIX
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Key idea

Combine logical inference and physical simulation
Recognizing Potential Traffic Risks through Logic-based Deep Scene Understanding 

5 

cases in real-life applications. 
    The main idea of our approach is as follows. We keep the prediction rules as general as 
possible, and try to find the best explanation for the condition of general prediction rules 
based on multiple pieces of evidence at different levels of abstraction. One can view the pro-
cess of finding the best explanations as the projection of observed information onto a latent 
space of features useful for risk prediction. Introducing a latent feature space has been proved 
effective for a wide range of AI tasks [4, 8]. 
    In our task, the latent information we particularly consider useful includes the beliefs, 
desires, and intentions (BDI) of each traffic object appearing in a given traffic scene. If the 
BDI information of objects is available, it can then be used to predict their next actions, which 
leads to a better prediction of potential risks. BDI information is not observable, but may 
sometimes be inferable from the observable behavior of the object and the observable infor-
mation on the traffic environment. 
    Our overall framework is shown in Figure 2. To formulate the above idea, we regard the 
task of potential risk prediction as the task of abductive theorem proving. This is analogous to 
the spirit of abductive text understanding [5, 12]; however, our work is the first work to apply 
abduction to the task of potential risk prediction. That is, given an image description s, we try 
to prove a proposition “there exist some risks” from s, using a background knowledge base. 
More specifically, we perform abductive reasoning, regarding an input image description and 
the “risk”' proposition as observation O. For background knowledge B, we use three kinds of 
knowledge bases: (a) causality (e.g., “a pedestrian must stop when the traffic signal is red,” “a 
pedestrian who does not recognize the ego-vehicle rushes out”), (b) ontological knowledge 
(e.g., “trucks and buses are both large vehicles”), and (c) risk patterns (e.g., “a person can rush 
out”). 

Let us illustrate the reasoning process with one possible explanation shown in Figure 2. 
The explanation is generated with the following reasoning processes: (A) given the input sce-
ne, we hypothesize that there is a person X who does not recognize me and who would rush 
out, using (c) the knowledge about potential risks; (B) hypothesize X to be the child who fol-
lows a ball Y, using (a) the knowledge about causality; (C) hypothesize the ball Y to be iden-
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Fig 2. Overall framework. Arrows with alphabets represent information flow. 

Logical Inference 
(apply symbolic rules to a scene description and 
infer new facts)
[Armand+ 14, Inoue+ 15, Mohammad+ 15, Zhao+ 15, etc.]

PROS: Easy to take causal chain into account
PROS: Can combine human writing knowledge
CONS: The prediction is not based on a precise 
physical prediction

[Althoff+ 09]

[Inoue+ 15]300 IEEE TRANSACTIONS ON INTELLIGENT TRANSPORTATION SYSTEMS, VOL. 10, NO. 2, JUNE 2009

Fig. 1. Conception of safety assessment.

in a fast-growing tree of possible situations to be considered.
If only discrete actions (e.g., lane change) at discrete points of
time are taken into account, then the computational complexity
is O(µρ·ν), where µ is the number of possible actions, ρ is the
number of time steps of the prediction, and ν is the number
of traffic participants (see [13]). This worst-case complexity,
however, can be reduced by discarding impossible or unrealistic
behaviors. The consideration of interaction also causes addi-
tional complexity for the computation of stochastic reachable
sets; however, the incorporated interaction mechanism of the
presented approach is efficient in the sense that the computa-
tions can be applied online using a desktop PC.

II. MOTIVATION AND PROBLEM STATEMENT

Clearly, autonomous driving requires a control loop that
contains a perception and a planner module (see Fig. 1). The
perception module detects traffic situations and extracts rele-
vant information, such as the road geometry as well as static
and dynamic obstacles. To fulfill the driving task, the planner
module computes the trajectories that the autonomous car is
tracking with the use of low-level controllers. A major con-
straint for the trajectory planner is that the generated trajectories
have to be safe, i.e., no static and dynamic obstacles must be hit.
The task of circumventing static obstacles can be ensured by
checking whether the static obstacle intersects with the vehicle
body of the autonomous car following the planned path. For
dynamic obstacles, the safety assessment is much more intricate
as their future actions are unknown. For this reason, sets of
possible behaviors of other traffic participants are considered,
which are checked with the planned path of the autonomous car
in a dedicated safety verification module (see Fig. 1). Paths that
fulfill the safety requirements are executed and conservatively
replanned otherwise, e.g., by braking the car.

The safety verification module that is described in this paper
requires the description of a traffic situation containing the
following information gathered by the perception module:

1) the planned trajectory of the autonomous car;
2) the geometric description of the relevant road sections;
3) the position and geometry of static obstacles;
4) the position, velocity, and classification of dynamic

obstacles.
Static obstacles are a special case of dynamic obstacles

with zero velocity, and for that reason, the discussion is con-

Fig. 2. Stochastic reachable sets of traffic participants.

Fig. 3. Repetitive computation of reachable sets.

tinued for dynamic obstacles only. The classification groups
the dynamic obstacles (=̂ traffic participants) into cars, trucks,
motorbikes, bicycles, and pedestrians. As the measurement of
positions and velocities of the other traffic participants is un-
certain, the presented approach allows the measured data to be
specified by a probability distribution. However, the minimum
requirement is that all relevant traffic participants are detected
at all. The region where the probability density is nonzero is
referred to as the initial set. Given this set, the future set of
positions possibly occupied by the traffic participant is denoted
as the reachable set. Analogously, given the initial probability
distribution of a traffic participant, the future probability distri-
bution is also referred to as the stochastic reachable set.

Reachable sets of other traffic participants allow to guarantee
the safety of the planned trajectory for a prediction horizon tf
if they do not intersect the reachable set of the ego car within
the specified horizon. For the case of a possible crash, the prob-
ability distribution within the reachable set is used to determine
the probability of the crash. This is illustrated in Fig. 2, where
stochastic reachable sets are shown for the time intervals τ1 =
[0, t1] and τ2 = [t1, t2] (dark color indicates high probability
density). Within the time interval τ1, a crash between both cars
is impossible, whereas for the second time interval τ2, the crash
probability is nonzero. It is obvious that the computation of the
crash probability has to be faster than real time for online appli-
cation. To update the crash probability prediction after a time
interval ∆t based on new sensor values, its computation has to
be faster than real time by a factor of tf/∆t. This is illustrated
in Fig. 3 for the reachable set of a single variable x(t).

III. MODELING OF TRAFFIC PARTICIPANTS

This paper focuses on the safety assessment of autonomous
cars driving on a road network, i.e., the motion of traffic
participants is constrained along designated roads. On that
account, the possible paths of traffic participants are determined
by the finite set of decisions {left turn, right turn, go straight}.

Physical Simulation
(simulate a scene and detect future collisions)
[Broadhurst+ 05, Althoff+ 09, etc.]

PROS: Precise prediction grounded in physical 
quantities
CONS: Difficult to take causal chain into account
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cases in real-life applications. 
    The main idea of our approach is as follows. We keep the prediction rules as general as 
possible, and try to find the best explanation for the condition of general prediction rules 
based on multiple pieces of evidence at different levels of abstraction. One can view the pro-
cess of finding the best explanations as the projection of observed information onto a latent 
space of features useful for risk prediction. Introducing a latent feature space has been proved 
effective for a wide range of AI tasks [4, 8]. 
    In our task, the latent information we particularly consider useful includes the beliefs, 
desires, and intentions (BDI) of each traffic object appearing in a given traffic scene. If the 
BDI information of objects is available, it can then be used to predict their next actions, which 
leads to a better prediction of potential risks. BDI information is not observable, but may 
sometimes be inferable from the observable behavior of the object and the observable infor-
mation on the traffic environment. 
    Our overall framework is shown in Figure 2. To formulate the above idea, we regard the 
task of potential risk prediction as the task of abductive theorem proving. This is analogous to 
the spirit of abductive text understanding [5, 12]; however, our work is the first work to apply 
abduction to the task of potential risk prediction. That is, given an image description s, we try 
to prove a proposition “there exist some risks” from s, using a background knowledge base. 
More specifically, we perform abductive reasoning, regarding an input image description and 
the “risk”' proposition as observation O. For background knowledge B, we use three kinds of 
knowledge bases: (a) causality (e.g., “a pedestrian must stop when the traffic signal is red,” “a 
pedestrian who does not recognize the ego-vehicle rushes out”), (b) ontological knowledge 
(e.g., “trucks and buses are both large vehicles”), and (c) risk patterns (e.g., “a person can rush 
out”). 

Let us illustrate the reasoning process with one possible explanation shown in Figure 2. 
The explanation is generated with the following reasoning processes: (A) given the input sce-
ne, we hypothesize that there is a person X who does not recognize me and who would rush 
out, using (c) the knowledge about potential risks; (B) hypothesize X to be the child who fol-
lows a ball Y, using (a) the knowledge about causality; (C) hypothesize the ball Y to be iden-
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Fig 2. Overall framework. Arrows with alphabets represent information flow. 

Logical Inference 
(apply symbolic rules to a scene description and 
infer new facts)
[Armand+ 14, Inoue+ 15, Mohammad+ 15, Zhao+ 15, etc.]

PROS: Easy to take causal chain into account
PROS: Can combine human writing knowledge
CONS: The prediction is not based on a precise 
physical prediction

[Althoff+ 09]

[Inoue+ 15]300 IEEE TRANSACTIONS ON INTELLIGENT TRANSPORTATION SYSTEMS, VOL. 10, NO. 2, JUNE 2009

Fig. 1. Conception of safety assessment.

in a fast-growing tree of possible situations to be considered.
If only discrete actions (e.g., lane change) at discrete points of
time are taken into account, then the computational complexity
is O(µρ·ν), where µ is the number of possible actions, ρ is the
number of time steps of the prediction, and ν is the number
of traffic participants (see [13]). This worst-case complexity,
however, can be reduced by discarding impossible or unrealistic
behaviors. The consideration of interaction also causes addi-
tional complexity for the computation of stochastic reachable
sets; however, the incorporated interaction mechanism of the
presented approach is efficient in the sense that the computa-
tions can be applied online using a desktop PC.

II. MOTIVATION AND PROBLEM STATEMENT

Clearly, autonomous driving requires a control loop that
contains a perception and a planner module (see Fig. 1). The
perception module detects traffic situations and extracts rele-
vant information, such as the road geometry as well as static
and dynamic obstacles. To fulfill the driving task, the planner
module computes the trajectories that the autonomous car is
tracking with the use of low-level controllers. A major con-
straint for the trajectory planner is that the generated trajectories
have to be safe, i.e., no static and dynamic obstacles must be hit.
The task of circumventing static obstacles can be ensured by
checking whether the static obstacle intersects with the vehicle
body of the autonomous car following the planned path. For
dynamic obstacles, the safety assessment is much more intricate
as their future actions are unknown. For this reason, sets of
possible behaviors of other traffic participants are considered,
which are checked with the planned path of the autonomous car
in a dedicated safety verification module (see Fig. 1). Paths that
fulfill the safety requirements are executed and conservatively
replanned otherwise, e.g., by braking the car.

The safety verification module that is described in this paper
requires the description of a traffic situation containing the
following information gathered by the perception module:

1) the planned trajectory of the autonomous car;
2) the geometric description of the relevant road sections;
3) the position and geometry of static obstacles;
4) the position, velocity, and classification of dynamic

obstacles.
Static obstacles are a special case of dynamic obstacles

with zero velocity, and for that reason, the discussion is con-

Fig. 2. Stochastic reachable sets of traffic participants.

Fig. 3. Repetitive computation of reachable sets.

tinued for dynamic obstacles only. The classification groups
the dynamic obstacles (=̂ traffic participants) into cars, trucks,
motorbikes, bicycles, and pedestrians. As the measurement of
positions and velocities of the other traffic participants is un-
certain, the presented approach allows the measured data to be
specified by a probability distribution. However, the minimum
requirement is that all relevant traffic participants are detected
at all. The region where the probability density is nonzero is
referred to as the initial set. Given this set, the future set of
positions possibly occupied by the traffic participant is denoted
as the reachable set. Analogously, given the initial probability
distribution of a traffic participant, the future probability distri-
bution is also referred to as the stochastic reachable set.

Reachable sets of other traffic participants allow to guarantee
the safety of the planned trajectory for a prediction horizon tf
if they do not intersect the reachable set of the ego car within
the specified horizon. For the case of a possible crash, the prob-
ability distribution within the reachable set is used to determine
the probability of the crash. This is illustrated in Fig. 2, where
stochastic reachable sets are shown for the time intervals τ1 =
[0, t1] and τ2 = [t1, t2] (dark color indicates high probability
density). Within the time interval τ1, a crash between both cars
is impossible, whereas for the second time interval τ2, the crash
probability is nonzero. It is obvious that the computation of the
crash probability has to be faster than real time for online appli-
cation. To update the crash probability prediction after a time
interval ∆t based on new sensor values, its computation has to
be faster than real time by a factor of tf/∆t. This is illustrated
in Fig. 3 for the reachable set of a single variable x(t).

III. MODELING OF TRAFFIC PARTICIPANTS

This paper focuses on the safety assessment of autonomous
cars driving on a road network, i.e., the motion of traffic
participants is constrained along designated roads. On that
account, the possible paths of traffic participants are determined
by the finite set of decisions {left turn, right turn, go straight}.

Physical Simulation
(simulate a scene and detect future collisions)
[Broadhurst+ 05, Althoff+ 09, etc.]

PROS: Precise prediction grounded in physical 
quantities
CONS: Difficult to take causal chain into account

Complementary
• How to combine the two 

components?
• No previous work addresses 

this issue
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Output

ML-based 
Ranker

Baseline (SVM):
• Directly models between scene 

description and a risky
entity-action pair

• Trained by using ranking-SVM 
[Joachims 02]

Proposed1 (Inference):
• Uses only qualitative information

Proposed2 (Inf+PhySim):
• The full model
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Quantitative evaluation

• Adding abductive reasoning 
and physical simulation has 
not yet affected prediction 
accuracy positively

• Future work: improve the 
accuracy

Baseline (SVM):
• Directly models between scene 

description and a risky
entity-action pair

• Trained by using ranking-SVM 
[Joachims 02]

Proposed1 (Inference):
• Uses only qualitative information

Proposed2 (Inf+PhySim):
• The full model

  

road structure and traffic objects (position and direction of 
movement). The physical simulator uses this information to 
simulate the physical data. The logical representation of each 
traffic scene is automatically generated from the map 
according to Section IV-A1. In this experiment, we assume 
the accuracy of sensor technologies to be perfect, in order to 
focus on exploring the methodology of risk prediction. 

We evaluate our results by using a task-ranking framework. 
We use   Acc@ k (Accuracy at  k ) as a metric, which is the 
fraction of problems for which the correct prediction is made 
within rank  k . 

B. Dataset 
We use a database of near-miss accidents published by the 

Tokyo University of Agriculture and Technology. The 
dataset consists of over 100,000 video recordings of 
near-miss accidents recorded by the drive recorders of a taxi3. 
Our evaluation involved the use of over 3,000 videos 
recorded in 2014. 

The dataset includes traffic scenes that have no potential 
risks indeed, since they are collected based on the occurrence 
of sudden braking. We conducted a corpus study on the 
dataset to classify scenes that are needed to predict those risks 
that truly exist because of braking. The classification was 
entrusted to a person who was not involved in the 
development of the dataset. We classified about 1,000 scenes 
in which the object posing a risk enters the view of the 
ego-vehicle two seconds before the actual near-miss incident. 
Table I presents the classification result. The scenes labeled 
Avoidance and Prediction are considered to be potentially 
risky; thus, we subjected them to further classification. 

The subsequent classification is based on whether the 
ego-vehicle changed its trajectory during the two seconds 
preceding the actual near-miss event. We collected those 
scenes in which the ego-vehicle did not change its trajectory 
in order to create the task setting “What potential risks are 
there when the ego-vehicle maintains its current speed?” 
Table II contains the classification result. Direct label denotes 
scenes in which the ego-vehicle did not change its trajectory, 
and Change label denotes scenes in which it did. Finally, we 
use 379 scenes labeled as Direct as evaluation data, and 
divided the dataset into a training set, test set, validation set in 
the ratio of 3:1:1. The data corresponding to the above labels 
and ID on the database is publicly available4. We created a 
benchmark dataset by manually creating a two-dimensional 
bird-view map for each video. 

C. Models 
The evaluation entails a comparison of the following three 

models. 
BASELINE: predicts a risk by an abductive reasoner with 

the cost function    Cost(H ) = w
c
⋅ Φ

c
(H ,O) . This baseline  

 
3 http://web.tuat.ac.jp/~smrc/drcenter.html (in Japanese) 
4 https://github.com/reiyw/traffic-scene-understanding 

 
Fig. 4. Example trajectories produced as output by our physics simulator. 
Scene ID is 1397 on the database. The boxes represent vehicles, and the lines 
drawn from vehicles represent trajectories. 
 

directly models a mapping between observed information 
and a risky entity-action tuple. As mentioned in Section 
IV-A2, the weight vector  wc

 is trained by using a ranking 
SVM [20]; therefore, the result of this baseline indicates the 
basic performance of a statistical machine-learning-based 
ranker. 

INFERENCE: predicts a risk by an abductive reasoner with 
the full cost function described in Section IV-A2. Rather 
than simulating the physical data, the model uses only 
symbolic information for the risk prediction. 

INF+PHYSIM: the proposed model, which predicts a risk 
by using an abductive reasoner combined with the physical 
simulator described in Section IV-B. 

D. Evaluation Results 
The results are provided in Table III. By comparing the 

BASELINE and INFERENCE models, we observe that adding 
abductive reasoning does not affect the performance 
negatively: the output is successfully enriched such that a 
simulation of physical data can be performed. Furthermore, 
we observed the performance improvement on the test set. 
Manual inspection reveals that some mistakes made by the 
baseline model were corrected by an inference-based 
prediction. 

Fig. 4 shows an example of the improvement. The risk is 
that Car will change lanes to avoid ParkingCar, which might 
lead to a collision between the ego-vehicle (i.e., Me) and Car. 
Although the BASELINE model predicted that Car will stop, 
the INFERENCE model predicted that Car will change lanes 
based on the richer information that the target lane is adjacent 
to the current lane. 

Using the predicted rich information, the physical 
simulator predicted the future trajectories of each traffic 
agent. As illustrated in Fig. 4 the simulator correctly 
predicted the future trajectories and also inferred that Me will 
collide with Car after 3.6 seconds. This indicates that our 
logical inference framework successfully connects the world 
of symbolic inference to the physical world. A simple 
machine-learning-based ranker or classifier would find it 
relatively harder to predict these kinds of richer explanations. 

Finally, we compare the INFERENCE model with the 
INF+PHYSIM model. The results indicate that the simulation 
did not improve the qualitative inference outcome. In future 
work, we plan to conduct a more in-depth analysis of the 
results of the simulation of physical data with the aim of 

TABLE III: ACCURACY OF RISK PREDICTION MODELS 
 Validation  Test 
Model Acc@1 Acc@3 Acc@5  Acc@1 Acc@3 Acc@5 
BASELINE 52.8 (38/72) 80.6 (58/72) 90.3 (65/72)  55.6 (40/72) 77.8 (56/72) 93.1 (67/72) 
INFERENCE 51.4 (37/72) 80.6 (58/72) 90.3 (65/72)  58.3 (42/72) 77.8 (56/72) 91.7 (66/72) 
INF+PHYSIM 51.4 (37/72) 81.9 (59/72) 90.3 (65/72)  58.3 (42/72) 77.8 (56/72) 91.7 (66/72) 
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directly models a mapping between observed information 
and a risky entity-action tuple. As mentioned in Section 
IV-A2, the weight vector  wc

 is trained by using a ranking 
SVM [20]; therefore, the result of this baseline indicates the 
basic performance of a statistical machine-learning-based 
ranker. 

INFERENCE: predicts a risk by an abductive reasoner with 
the full cost function described in Section IV-A2. Rather 
than simulating the physical data, the model uses only 
symbolic information for the risk prediction. 

INF+PHYSIM: the proposed model, which predicts a risk 
by using an abductive reasoner combined with the physical 
simulator described in Section IV-B. 

D. Evaluation Results 
The results are provided in Table III. By comparing the 

BASELINE and INFERENCE models, we observe that adding 
abductive reasoning does not affect the performance 
negatively: the output is successfully enriched such that a 
simulation of physical data can be performed. Furthermore, 
we observed the performance improvement on the test set. 
Manual inspection reveals that some mistakes made by the 
baseline model were corrected by an inference-based 
prediction. 

Fig. 4 shows an example of the improvement. The risk is 
that Car will change lanes to avoid ParkingCar, which might 
lead to a collision between the ego-vehicle (i.e., Me) and Car. 
Although the BASELINE model predicted that Car will stop, 
the INFERENCE model predicted that Car will change lanes 
based on the richer information that the target lane is adjacent 
to the current lane. 

Using the predicted rich information, the physical 
simulator predicted the future trajectories of each traffic 
agent. As illustrated in Fig. 4 the simulator correctly 
predicted the future trajectories and also inferred that Me will 
collide with Car after 3.6 seconds. This indicates that our 
logical inference framework successfully connects the world 
of symbolic inference to the physical world. A simple 
machine-learning-based ranker or classifier would find it 
relatively harder to predict these kinds of richer explanations. 

Finally, we compare the INFERENCE model with the 
INF+PHYSIM model. The results indicate that the simulation 
did not improve the qualitative inference outcome. In future 
work, we plan to conduct a more in-depth analysis of the 
results of the simulation of physical data with the aim of 
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マスタータイトルの書式設定

Modified
Different parts in a neural network 
may have different learning rates 
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② Modified SGD (Separated Learning Rates)

𝛼&' 𝜏( ≔
𝜂&'

1 + 𝜂&'𝜆&'𝜏(

𝛼)* 𝜏( ≔
𝜂)*

1 + 𝜂)*𝜆)*𝜏(
𝜂&': 𝜂 for KB-learning objective
𝜂)*: 𝜂 for autoencoder objective
𝜆&': 𝜆 for KB-learning objective
𝜆)*: 𝜆 for autoencoder objective
𝜏+ : counter of each entity 𝑒
𝜏( : counter of each relation 𝑟

Our strategy
Different learning rates for different parts of our model

Rationale
NN usually can be decomposed 
into several parts, each one is 
convex when other parts are fixed

↓
NN ≈ joint co-training of many 
simple convex models

↓
Natural to assume different 
learning rate for each part



Normalization
normalize relation 
matrices to 𝑴+ = 𝑑
during training

Regularization
push 𝑴+ toward an 
orthogonal matrix

Initialization
initialize 𝑴+ as (𝐼 + 𝐺)/2
instead of pure Gaussian
July 18, 2018 83

④ Other Training Techniques

Minimize 𝑴3
4𝑴3 −

!
5
tr 𝑴3

4𝑴3 𝐼

𝑴+𝑴+

𝑴+ = 𝑑

+2.6
in Hits@10

on FB15k-237

+1.2
in Hits@10

+0.4
in Hits@10
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What Does the Trained Autoencoder Look Like?

𝑑6 𝑑6𝑐

𝑴3 𝑴3
7

Dimension 4 strongly 
correlates with film

• Sparse coding of relation matrices
• Interpretable to some extent

Dimension 12 strongly 
correlates with currency
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