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l  観察に対する最良の説明 (仮説) を求める推論 
!

アブダクション (Abduction) 

2 

John went to a store John got a gun 
観察 (Observation): 

John will be robbing? 
John goes hunting and shopping? 

説明 (Explanation): 

go-hunt → get-gun 
go-shopping → go-to-store 
rob → get-gun & go-to-store 

背景知識 (Background Knowledge): 



l  観察に対する最良の説明 (仮説) を求める推論 
!

アブダクション (Abduction) 
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観察 (Observation): 

説明 (Explanation): 

背景知識 (Background Knowledge): 

  ∧   go-to-store(John) get-gun(John) 

(∀x) go-hunt(x) → get-gun(x) 
(∀x) go-shopping(x) → go-to-store(x) 
(∀x) rob(x) → get-gun ∧ go-to-store(x) 

robbing(John) 
hunting(John) ∧ shopping(John) 



アブダクションによる談話解析 
l  ゴール: 談話理解の一般的な枠組みを作る!
– 談話解析の各コンポーネント (照応，談話構造の理解など) 
を統合し，結合推論できる枠組みを作りたい!

– 談話に潜在する情報 (意図など) を顕在化したい!
– 世界知識を談話理解に有効利用したい!

l  Interpretation as Abduction (IA) にもとづく談話理解 
モデルの構築に取り組んでいる!
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“Interpreting	
  sentences	
  is	
  to	
  find	
  
	
  	
  	
  	
  	
  	
  	
  the	
  lowest-­‐cost	
  explanation	
  to	
  the	
  sentence.” 

-­‐-­‐-­‐	
  Hobbs+	
  [93]	
  



私がやなぎに行く。          私が評判のきつねうどんを頼む。                期待通りの味に大満足。 
観察 

背景知識 

うどん屋に行く 

私がきつねうどんを食べる 

やなぎのきつねうどんが 
美味しいと聞いた 

再びやなぎに行くだろう 

きつねうどんが美味しかった 

何かを食べるならば，何かを頼む 
食べ物がおいしいならば，満足する 
美味しいと聞いたならば，期待する 

店の食べ物が美味しいならば，それを食べに行く 
うどんを食べるならば，うどん屋に行く 
店に行き，かつ食べ物が美味しければ， 

再びそこに行く 
: 

やなぎ = うどん屋 

週末に母とやなぎに行きました。 
私は評判のきつねうどんを頼みました。 
期待通りの味に大満足。 

入力テキスト 

説明 (文章理解の結果) 

談話の最良の説明を求める = 談話を理解する 



EO:   説明候補の集合 
cost: 説明評価関数 

IA:	
  “Interpreting	
  sentences	
  is	
  to	
  find	
  
the	
  lowest-­‐cost	
  explanation	
  to	
  the	
  sentences.” 

IA にもとづく談話解析実現のための課題 
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arg min cost(E; θ) 
E ∈ EO 

A. 多様な説明候補を生成する
ための背景知識ベースの構築!
  → J 大規模知識獲得技術の発展!

B. 説明の評価関数の学習!
→ J 誤差逆伝播による学習   
[山本ら 2012]，若手 (発表3.)!

C. 効率的な説明選択の実現!
(組み合わせ最適化問題であるため)!
  → K 整数線形計画法による定式化 
[Inoue & Inui 11]!
  → 本研究はこの枠組みを拡張する!



ü  イントロダクション!

p  整数線形計画問題 (ILP) による 
アブダクションの定式化!

p  Cutting Plane Inference  
による高速化!

p  評価実験 
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ILP によるアブダクションの定式化 

1.  仮説候補生成: 最良仮説の候補 H の集合 H を
生成する!
– 観測 O を含意せよ (                   )!
– 矛盾するな (                     )!

2.  仮説選択: 最良の仮説 H* を選択する!
– コストが最小となる仮説を選べ 

( H* = arg min cost(H) )!
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アブダクション: 
観測 O を最も良く説明する仮説 H* を， 

背景知識 B から求める推論 

H	
  ∈	
  H 

B ∪H |= O

B ∪H �|=⊥



アブダクション: 
観測 O を最も良く説明する仮説 H* を， 

背景知識 B から求める推論 

ILP によるアブダクションの定式化 

1.  仮説候補生成: 最良仮説の候補 H の集合 H を
生成する!
– 観測 O を含意せよ (                   )!
– 矛盾するな (                     )!

2.  仮説選択: 最良の仮説 H* を選択する!
– コストが最小となる仮説を選べ 

( H* = arg min cost(H) )!
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→ 0-1 ILP 変数への 
値割り当ての組み合わせ 

→ ILP 変数間の 
     制約 

→ ILP 目的関数 
H	
  ∈	
  H 

B ∪H |= O

B ∪H �|=⊥



潜   在   仮   説   集   合   P 
ILP による定式化 
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入力 

sick(x) → resign(x, y)!
hate(x, y) → resign(x, y)!
old(x) → resign(x, y)!

観測 O: 

背景知識 B: 
sick(x) → go(x, y) ∧ hospital(y)!
hospital(AbcHospital).!
boring(y) → hate(x, y)!

resign(Steve, Microsoft) ∧ ∃m go(m, AbcHospital) 

boring(Microsoft)   hospital(AbcHospital) 
sick(Steve)   hate(Steve, Microsoft)   old(Steve)          sick(m)   hospital(AbcHospital) 

resign(Steve, Microsoft)   go(m, AbcHospital) 

出力 
最良の説明 H* (B ∪ H* |= O): 

cost(H) =  

☞  ILP 変数 
   ILP 目的関数 
   ILP 制約 

m=Steve 
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入力 

sick(x) → resign(x, y)!
hate(x, y) → resign(x, y)!
old(x) → resign(x, y)!

観測 O: 

出力 
最良の説明 H* (B ∪ H* |= O): 

背景知識 B: 
sick(x) → go(x, y) ∧ hospital(y)!
hospital(AbcHospital).!
boring(y) → hate(x, y)!

resign(Steve, Microsoft) ∧ ∃m go(m, AbcHospital) 

hresign(Steve, Microsoft) = 0, hgo(Steve, AbcHospital) = 0!
hsick(Steve) = 0, hhate(Steve, Microsoft) = 0, hold(Steve) = 0, hsick(Steve) = 0, hhospital(AbcHospital) = 0!

sm,Steve        , hboring(Microsoft) = 0, hhospital(AbcHospital) = 0 

hresign(Steve, Microsoft) = 1, hgo(Steve, AbcHospital) = 1!
hsick(Steve) = 0, hhate(Steve, Microsoft) = 0, hold(Steve) = 1, hsick(m) = 0, hhospital(AbcHospital) = 0!

sm,Steve = 0, hboring(Microsoft) = 0, hhospital(AbcHospital) = 0 

resign(Steve, Microsoft) ∧ go(Steve, AbcHospital) ∧ old(Steve) 

hresign(Steve, Microsoft) = 1, hgo(Steve, AbcHospital) = 1!
hsick(Steve) = 1, hhate(Steve, Microsoft) = 0, hold(Steve) = 0, hsick(m) = 1, hhospital(AbcHospital) = 0!

 sm,Steve = 1, hboring(Microsoft) = 0, hhospital(AbcHospital) = 0 

sick(Steve) ∧ sick(m) ∧ Steve=m ∧ resign(Steve, Microsoft) ∧ go(Steve, AbcHospital) 

ILP による定式化 

cost(H) =  

☞  ILP 変数 
   ILP 目的関数 
   ILP 制約 



p ∈ P 

�

p∈{p|p∈P,hp=1,rp=1}

−cost(p)

hresign(Steve, Microsoft) = 1, hgo(Steve, AbcHospital) = 1!
hsick(Steve) = 1, hhate(Steve, Microsoft) = 0, hold(Steve) = 0, hsick(m) = 0, hhospital(AbcHospital) = 0!

 sm,Steve = 0, hboring(Microsoft) = 0, hhospital(AbcHospital) = 0 

sick(Steve) ∧ resign(Steve, Microsoft) ∧ go(Steve, AbcHospital) 
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入力 

sick(x) → resign(x, y)!
hate(x, y) → resign(x, y)!
old(x) → resign(x, y)!

観測 O: 

出力 
最良の説明 H* (B ∪ H* |= O): 

背景知識 B: 
sick(x) → go(x, y) ∧ hospital(y)!
hospital(AbcHospital).!
boring(y) → hate(x, y)!

resign(Steve, Microsoft) ∧∃m go(m, AbcHospital) 
ILP による定式化 

cost(H) =  

   ILP 変数 
☞  ILP 目的関数 
   ILP 制約 

説明の評価関数!
  新しい仮説を推論 (h=1): コスト増 
  他の仮説により説明 or 単一化 (r=1):コスト減!

hp cost(p) – rp reward(p)  



hresign(Steve, Microsoft) = 1, hgo(Steve, AbcHospital) = 1!
hsick(Steve) = 1, hhate(Steve, Microsoft) = 0, hold(Steve) = 0, hsick(m) = 0, hhospital(AbcHospital) = 0!

 sm,Steve = 0, hboring(Microsoft) = 0, hhospital(AbcHospital) = 0 

p ∈ P 

�

p∈{p|p∈P,hp=1,rp=1}

−cost(p)hp cost(p) – rp reward(p)  

sick(Steve) ∧ resign(Steve, Microsoft) ∧ go(Steve, AbcHospital) 
13 

入力 

sick(x) → resign(x, y)!
hate(x, y) → resign(x, y)!
old(x) → resign(x, y)!

観測 O: 

出力 
最良の説明 H* (B ∪ H* |= O): 

背景知識 B: 
sick(x) → go(x, y) ∧ hospital(y)!
hospital(AbcHospital).!
boring(y) → hate(x, y)!

resign(Steve, Microsoft) ∧ ∃m go(m, AbcHospital) 
ILP による定式化 

cost(H) =  

   ILP 変数 
   ILP 目的関数 
☞  ILP 制約 

1. 論理変数の等価関係
は推移律を満たす#

e.g., sm,St = 1 ∧ sm,u = 1 
⇒ sSt,u = 1 

2. 仮説間の含意関係#
e.g., hboring(Mi) ≤ hhate(St, Mi) 

3. 報酬を受け取る条件#
e.g., rhate(St, Mi) ≤ hboring(Mi) 



ILP による定式化の問題点 
l  論理変数の等式間の推移律制約が多項式オーダで 
増加!
– 論理変数の組み合わせ (x, y, z) について!

•  x=y ∧ y=z ⇒ x=z 
•  y=z ∧ x=z ⇒ x=y 
•  x=z ∧ x=y ⇒ y=z!

l  長い文章を入力したときに大きな問題となる!
– 論理変数の数 = 文章における mention の数!

l  ILP 最適化問題を解く段階になかなか到達できない 
→ ILP の準最適解も得られない!
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Cutting Plane Inference (CPI) の適用 
l  ボトルネック解消のアイデア!
– 逐次最適化法: Cutting Plane Inference の応用!
– 大規模な制約付き最適化問題を解く一テクニック: 
 
制約なしの状態で最適化 
→満たされぬ制約を追加→最適化 
→満たされぬ制約を追加→最適化 
→... を繰り返しながら最適化する手法!

– 推移律制約に対して Cutting Plane Inference を適用!
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Cutting Plane Inference (CPI) の適用 
l  適用例!
–  1回目: 最良の説明: x=y, y=z, x≠z!

•  x=y ∧ y=z ⇒ x=z を制約として追加!
–  2回目: 最良の説明: x=y, y≠z, x=z!

•  x=z ∧ x=y ⇒ y=zを制約として追加!
–  3回目: 最良の説明: x=y, y=z, x=z!

•  すべての制約を満たしているので最適化終了!
•  最適化に必要な制約は 2/3 で済んだ!!
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推論時間の評価実験 
l  CPI はアブダクションをどれほど高速化できるだろ
うか?!

l  実験データセット: Recognizing Textual Entailment!
–  RTE2 開発セットを論理式に変換!
– 入力: 平均30リテラル x 800問!
– 知識:!

•  289,655 個の WordNet axioms (e.g. synset9(x) => synset10(x))!
•  7,558 個の FrameNet axioms 

(e.g. GIVING(e1, x, y) => GETTING(e2, y, z))!

l  実行環境!
–  ILP ソルバー: Gurobi optimizer 5.0!
–  semantic parser: Boxer [Bos 08]!
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結果 (1): 全体の推論時間の変化 
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Setting Method Depth Generation [sec.] ILP inf [sec.] # of ILP cnstr
(timeout = 120) (timeout = 120)

STORY

IAICBA

1 0.02 (100.0 %) 0.60 (100.0 %) 3,708
2 0.12 (100.0 %) 5.34 (100.0 %) 23,543
3 0.33 (100.0 %) 8.11 (100.0 %) 50,667
∞ 0.35 (100.0 %) 9.00 (100.0 %) 61,122

CPI4CBA

1 0.01 (100.0 %) 0.34 (100.0 %) 784 (∆ 451)
2 0.07 (100.0 %) 4.15 (100.0 %) 7,393 (∆ 922)
3 0.16 (100.0 %) 3.36 (100.0 %) 16,959 (∆ 495)
∞ 0.22 (100.0 %) 5.95 (100.0 %) 24,759 (∆ 522)

RTE

IAICBA

1 0.01 (100.0 %) 0.25 (99.7 %) 1,104
2 0.08 (100.0 %) 2.15 (98.1 %) 5,185
3 0.56 (99.9 %) 5.66 (93.0 %) 16,992
∞ 4.78 (90.7 %) 15.40 (60.7 %) 36,773

CPI4CBA

1 0.01 (100.0 %) 0.05 (100.0 %) 269 (∆ 62)
2 0.04 (100.0 %) 0.35 (99.6 %) 1,228 (∆ 151)
3 0.09 (100.0 %) 1.66 (99.0 %) 2,705 (∆ 216)
∞ 0.84 (98.4 %) 11.73 (76.9 %) 10,060 (∆ 137)

Table 1 The results of averaged inference time in STORY and RTE.

number of constraints that are added during CPI (i.e. how many
times line 7 in Algorithm 1 executed).

Overall, the runtimes in both search-space generation and ILP
inference are dramatically improved from IAICBA to CPI4CBA
in both settings, as shown in Table 1. In addition, CPI4CBA can
find optimal solutions in ILP inference for more than 90 % of the
problems, even for depth∞. This indicates that CPI4CBA scales
to larger problems. From the results of IAICBA in RTE settings,
we can see the significant bottleneck of IAICBA in large-scale
reasoning: the time of search-space generation. The search-space
generation could be done within 2 minutes for only 90.7 % of
the problems. CPI4CBA successfully overcomes this bottleneck.
CPI4CBA is clearly advantageous in the search-space generation
because it is not necessary to generate transitivity constraints, an
operation that grows cubically before optimization.

In addition, CPI4CBA also reduces the time of ILP inference
significantly. In ILP inference, CPI did not guarantee the reduc-
tion of inference time in theory; however, as shown in Table 1, we
found that the number of ILP constraints actually used is much
less than the original problem. Therefore, CPI4CBA success-
fully reduces the complexity of the ILP optimization problems in
practice. This is also supported by the fact that CPI4CBA keeps
76.9% in “ILP inf” for Depth = ∞ because it solves very large
ILP optimization problems that fail to be generated in IAICBA.
In order to see how CPI contributes to the improvement of ILP
inference time, we show how the runtime of IAICBA is affected
by CPI4CBA method for each problem in Figure 3. Each data
point corresponds to one problem in STORY and RTE settings.
We show the data points for problems that we found optimal so-
lutions in ILP inference for Depth = ∞. Overall, the runtime of
CPI4CBA is smaller than IAICBA in most problems. In partic-
ular, we can see that CPI4CBA successfully reduces the time of
ILP inference for larger problems by exploiting the iterative op-
timization technique. In the larger domain of RTE setting, we
found that the performance was improved in 81.7 % of the prob-
lems.

Finally, we compare our results with other existing systems.
First, we immediately see that the proposed method is more effi-
cient than Inoue and Inui [17]’s formulation (i.e. IAICBA). Re-
garding the MLN-based systems [3], [21], [37], our results are

comparable, or more efficient than the existing systems. For the
STORY setting, Singla and Mooney (2011) report the results
of two systems with an exact inference technique using CPI for
MLNs [31]: (i) Kate and Mooney (2009)’s approach: 2.93 sec-
onds, and (ii) Singla and Mooney (2011)’s approach: 0.93 sec-
onds*8. MLN-based approaches seem to be reasonably efficient
for small datasets. However, it does not scale to larger problems;
for the RTE setting, Blythe et al. (2011) report that only 28 from
100 selected RTE-2 problems could be run to completion with
only the FrameNet knowledge bases. The processing time was
7.5 minutes on average (personal communication)*9. On the other
hand, our method solves 76.9% of all the problems, where sub-
optimal solutions are still available for the rest of 21.5%, and it
takes only 0.84 seconds for search-space generation, and 11.73
seconds for ILP inference.

5. Related work
A number of efficient methods for solving cost-based abduc-

tion have been proposed [1], [8], [12], [18], [28], [34], etc; how-
ever, most of them focus on improving the inefficiency of proposi-
tional logic-based abduction. Although propositionalization tech-
niques are available for applying these methods to FOPL abduc-
tion, it will lead to an exponential growth of ground instances.
Hence they would not scale to larger problems for performing
FOPL abduction with large knowledge bases, as discussed in Sec.
3.1.

One important work for FOPL abduction is Inoue and Inui
[16], [17]’s approach formulating first-order predicate logic ab-
duction as an ILP optimization problem. It supports FOPL as
a meaning representation, and provides a scalable solution. The
key idea to make FOPL inference tractable is that they avoid ex-
panding first-order logic formulas with all possible bindings, and
formulate the task of FOPL inference as the constrained combina-
torial optimization problem of literals and variable substitutions.
However, as mentioned in Sec. 3.1, this formulation still has a

*8 This is the result of MLN-HC in [37]. MLN-HCAM cannot be directly
compared with our results, since the search space is different from our
experiments because they unify some assumptions in advance to reduce
the search space.

*9 They used 56,000 FrameNet axioms in the experiments, while we used
289,655 WordNet axioms and 7,558 FrameNet axioms.

c© 2012 Information Processing Society of Japan
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times line 7 in Algorithm 1 executed).

Overall, the runtimes in both search-space generation and ILP
inference are dramatically improved from IAICBA to CPI4CBA
in both settings, as shown in Table 1. In addition, CPI4CBA can
find optimal solutions in ILP inference for more than 90 % of the
problems, even for depth∞. This indicates that CPI4CBA scales
to larger problems. From the results of IAICBA in RTE settings,
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CPI4CBA is clearly advantageous in the search-space generation
because it is not necessary to generate transitivity constraints, an
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ILP optimization problems that fail to be generated in IAICBA.
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We show the data points for problems that we found optimal so-
lutions in ILP inference for Depth = ∞. Overall, the runtime of
CPI4CBA is smaller than IAICBA in most problems. In partic-
ular, we can see that CPI4CBA successfully reduces the time of
ILP inference for larger problems by exploiting the iterative op-
timization technique. In the larger domain of RTE setting, we
found that the performance was improved in 81.7 % of the prob-
lems.

Finally, we compare our results with other existing systems.
First, we immediately see that the proposed method is more effi-
cient than Inoue and Inui [17]’s formulation (i.e. IAICBA). Re-
garding the MLN-based systems [3], [21], [37], our results are

comparable, or more efficient than the existing systems. For the
STORY setting, Singla and Mooney (2011) report the results
of two systems with an exact inference technique using CPI for
MLNs [31]: (i) Kate and Mooney (2009)’s approach: 2.93 sec-
onds, and (ii) Singla and Mooney (2011)’s approach: 0.93 sec-
onds*8. MLN-based approaches seem to be reasonably efficient
for small datasets. However, it does not scale to larger problems;
for the RTE setting, Blythe et al. (2011) report that only 28 from
100 selected RTE-2 problems could be run to completion with
only the FrameNet knowledge bases. The processing time was
7.5 minutes on average (personal communication)*9. On the other
hand, our method solves 76.9% of all the problems, where sub-
optimal solutions are still available for the rest of 21.5%, and it
takes only 0.84 seconds for search-space generation, and 11.73
seconds for ILP inference.

5. Related work
A number of efficient methods for solving cost-based abduc-

tion have been proposed [1], [8], [12], [18], [28], [34], etc; how-
ever, most of them focus on improving the inefficiency of proposi-
tional logic-based abduction. Although propositionalization tech-
niques are available for applying these methods to FOPL abduc-
tion, it will lead to an exponential growth of ground instances.
Hence they would not scale to larger problems for performing
FOPL abduction with large knowledge bases, as discussed in Sec.
3.1.

One important work for FOPL abduction is Inoue and Inui
[16], [17]’s approach formulating first-order predicate logic ab-
duction as an ILP optimization problem. It supports FOPL as
a meaning representation, and provides a scalable solution. The
key idea to make FOPL inference tractable is that they avoid ex-
panding first-order logic formulas with all possible bindings, and
formulate the task of FOPL inference as the constrained combina-
torial optimization problem of literals and variable substitutions.
However, as mentioned in Sec. 3.1, this formulation still has a

*8 This is the result of MLN-HC in [37]. MLN-HCAM cannot be directly
compared with our results, since the search space is different from our
experiments because they unify some assumptions in advance to reduce
the search space.

*9 They used 56,000 FrameNet axioms in the experiments, while we used
289,655 WordNet axioms and 7,558 FrameNet axioms.

c© 2012 Information Processing Society of Japan

ILP 最適化問題の生成 
時間を大幅に短縮できた 

CPI なし 

CPI あり 

•  ILP 推論の時間も短縮 
•  最適解を得られた問題数も増えた 

実際に考慮された制約数は大幅に 
少なかった 
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結果 (2): 問題ごとの ILP 推論速度の変化 
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CPI 優勢 

(C
PI
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し

) 

(CPI あり) 



CPI その後 
l  コスト関数の学習が実用的な規模で実現可能に!!
l  CPI ベースの推論エンジンを用いた談話解析の結果を，
共参照解析の評価セットで評価してみた!!
–  データセット: CoNLL Shared Task 2011，303 documents!
–  1 document は，RTE のそれよりかなり長い!
–  知識ベース: WordNet, FrameNet, Narrative Schemas 

[Chambers & Jurafsky 07, 08, 09]!
–  コスト関数のパラメタはデータから自動学習!

–  改良を重ね，徐々に state-of-the-art に近づいている!
l  ツールはこちら (旧バージョン，CPI 実装版は近日公開)!

–  http://code.google.com/p/henry-tacitus/!
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System BLANC-R BLANC-P BLANC-F 
Abduction 59.9 60.9 60.3 
Standford CoreNLP 63.5 76.2 66.7 



まとめと今後の課題 
l  アブダクションによる談話解析の実現を目指して，
推論効率の問題に取り組んだ!

l  推論効率のボトルネックは，論理変数間の推移律 
制約が多項式オーダで増えることであった!

l  推移律制約を逐次的に追加して最適化することによ
り，スケーラブルな推論が実現できることを示した!

l  今後の課題!
– 潜在仮説空間の生成に CPI のアイデアを応用!

•  [Riedel 06] の Markov Logic Networks における CPI のアナロジー!
– 言語処理タスクにおける評価 (c.f. 若手発表17: “杉浦ら, 談
話関係認識への連想情報の応用”)!
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