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1. Background
Proof-Theoretic Semantics for NLI

We approach NLI from the perspective of proof-theoretic semantics:

The entailment relation is characterized as the existence of a proof
of the semantic representation of the hypothesis from those of the premises.

When entailment holds:

Constructed proof (proof diagram)

S N R N R N R N R N R N R N R N R N N

Entailment judgment

(
Entailment ] 'I' i A 5

(holds)

————————————————————————————————————————



1. Background
Dependent Type Semantics (DTS; sekki, 2014; Bekki and Mineshima, 2017)

* A semantic framework based on Dependent Type Theory (DTT; Martin-Lsf, 1984)

A semantic representation is a type of DTT
— proving it means constructing a term of that type

[ Anaphora / Presupposition Resolution

Proof Search
NrN-?:A

[ Entailment Verification

Two tasks, one operation: proof search.



1. Background
Overview of the inference pipeline of lightblue

lightblue (Tomita et al., 2025): logic-based NLI system
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wani (Daido and Bekki, 2020): an automated theorem prover for DTT



1. Background

Proof Search in Type Checking

lightblue (Tomita et al., 2025): logic-based NLI system
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1. Background
Proof Search in Entailment Judgment

lightblue (Tomita et al., 2025): logic-based NLI system
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. - Proof Diagrams
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wani (Daido and Bekki, 2020): an automated theorem prover for DTT



1. Background
How wani Searches: Backward Reasoning

« wani uses backward reasoning as its basic search strategy

asks what is needed to prove the goal

: subgoal
IS [% O] %« Bl /a
o+ Bl?/x
subgoal -a? . {y : O]_ (ZI> rule
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goal



1. Background
How wani Searches: Backward Reasoning

* Applying a rule decomposes a goal into subgoals. Each subgoal becomes a
new goal, and the same procedure is applied recursively

73:C 74 D[?3/y]

subgoal = a new goal

1 [?3 O] % © B[y /a]

subgoal = a new goal i {y ; O] ]

(Z[} rule

goal



1. Background

How wani Searches: Forward Reasoning

Some rules use forward reasoning

derives what follows from the premises

forward reasoning
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1. Background
How wani Searches: Branching into a Tree

« one rule application can produce multiple subgoals (all must be discharged)
« multiple rules can derive a goal (wani automatically tries up to 14 inference
rules for each goal)

- multiple solutions can discharge a subgoal (one suffices) -29%

— the search branches and forms a tree structure

rule Z|
subgoals subgoal
[ l ?1:A l
solution 1

failurex 10



1. Background
How wani Controls The Search

* Proof search in DTT is undecidable in general
— Search is executed as iterative-deepening depth-first search, bounded by:

Depth Limit Time Limit Loop Avoidance
Do not explore paths Stop the search when Avoid revisiting the
deeper than the limit the time limit is reached same failed goals
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1. Background

Where Does the Search Spend Its Effort?

« The search can grow large: on a single JSeM (kawazoe et al., 2015) problem,
hundreds of goals are generated, and most of them fail(Failed exploration
is the intrinsic cost of proof search).

— Improvement starts from knowing where that effort goes.

We want to know four things:

(= N ™
2 Structure @ Time
which branches were explored, and . . "
how deep did thev qo? where is the time spent”
N P y 90: AN Y
~ N ™
1ll Rule outcomes Q_ Failures
which rules are tried, and which : .
which failures repeat?
\succeed?

AN J




1. Background
How Is Search Recorded?

0
0
0

The Only Record: Textual Debug

current goal : G |- ? : (S entity) (S c¢ry(hanako,0)) (S tense(l))T

is not acceptable type in PiF
is not acceptable type in SigmaF

O-acceptable [SubGoalSet Sigmal ...] O-acceptable [SubGoalSet EFQ

0

with Sigmal, want to prove [SubGoal entity, SubGoal S cry. S tense]
1 current goal : G |- ? : entity

1 depth @ deduce : entity

deduce failed

Inserted by developers to inspect the behavior at specific points during
debugging

Record individual goals, rule applications, search outcomes (success/failure,
depth, etc.), ...
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1. Background

Problem: Lack of Analyzability

« Existing logs are not sufficient for analyzing the search as a whole.

= N ; A
LIl Structure @ Time
A goal's parent and branch are not linked: No timestamps: where the time goes
__the tree cannot be rebuilt reliably. ) \_cannot be recovered. )
4 N . )
Jll Rule outcomes (Q Failures
Starts and outcomes are unlinked: no No goal IDs: repetitions of the same
__attribution to a goal or rule. ) {_goal cannot be told apart. )

[ Our goal: Make the search process analyzable. ]
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2. The Tool

Proposal: A Profiling and Visualization Tool

Its design follows one principle: record everything, analyze afterwards.

/ Step 1: Record (inside Wani)\

One event per search step

Fields: kind, timestamp, goal
ID, rule name, subgoal index

[ (0

/ Step 2: Analyze (outside Wani)\

— a flat event log

\_ /

11 Rebuild the search tree

-Iﬂ Aggregate outcomes per rule

Q Classify repeated failures

o

— the four views

/

The prover is barely touched: one optional field ]
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2. The Tool

Architecture: One Field to Four Views

wani
+ one optional
field

structured
event

log

post-hoc
reconstruction

the four views

Nothing downstream is wani-specific: emit the same events from another
prover and the dashboard is reused unchanged (e.g., ccg2lambda; Mineshima et al., 2015).



3. Four Views

Running Example: JSeM 720

JSeM (kawazoeetal., 2015) is a curated Japanese NLI dataset.

Premise Hypothesis
Taro-ga  Hanako-ni naka-re-ta. = Hanako-ga nai-ta.
Taro-NOM Hanako-DAT cry-PASS-PST Hanako-NOM cry-PST

'Taro was affected by Hanako's crying.’ 'Hanako cried.’
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3. Four Views

Running Example: JSeM 720 and Its Proof Search Query

lightblue converts the input sentences into a proof search query, the initial goal:

the semantic representations of the premises

'xo;enﬁty 1| the semantic representation of the hypothesis
[ug: B /72 LA (0, (/1272 2) ] X,: entity
so:l| | [ x;: entity F (2| [ 7 < /22 12 (3, (6T /172 2)
uy: H & (xy, KEE/72 5 9 S KBB/ 725 9, %) # 5 (x3)
#25(xo) ]

wani proves this entailment: under a certain search setting, it finds two proof
terms.
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3. Four Views

Search Tree: What Was Explored, and How Deep?

root [18] 16.5ms e

Sigmal (1/4) [12] 0.3ms e

SigmakE [1] 0.00ms

SigmaE[1] 0.00ms

SigmaE [1] 0.00ms

SigmaE [1] 0.00ms

EFQ 0.00ms

Con 0.00ms
Con 0.00ms
Con 0.00ms
EFQ 0.00ms

Con 0.00ms
Con 0.00ms
Con 0.00ms
EFQ 0.00ms

Var 0.00ms

Var 0.00ms

Var 0.00ms

Var 0.00ms
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3. Four Views

Search Tree: What Was Explored, and How Deep?

subgoal set(2l)
/ R

all must be discharged

AN

(1)

goal @)

goal @

. green: success
. red: failure
. orange: depth exceeded

N

goal @

-

subgoal set(Zl)

|

subgoal set(EFQ)

|

==

— alternatives, one suffices
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3. Four Views

Search Tree: What Was Explored, and How Deep?

Subgoal Set(Zl)
L2 (T ciomal (va) (121 06ms. e oo How to read a node label

Sigmal (2/4 #1) [10]0.6ms - e ...
Sigmal (2/4 #2) [12]1 0.4ms e ... branch 2 of five : OR (one branch is enough)

[Slamal (2/4 #3) [10] 0.6ms -o ... arule time in this subtree
Sigmal (2/4 #4) [10] 1.0ms- - @ -

Sigmal (2/4 #5) [10] 1.4ms e ... Sigmal (2/4 #2) [12] 0.4ms

Sigmal(3/4) [12] 0.4ms - ® .. ‘

EFQ [18] 0.6ms- ® «..

root [18] 13.8ms @ _ subgoal 2 of 4 : AND (all four must be discharged)
Sigmal (1/4) [12] 1.3ms—e ...

. green: success
. red: failure
. orange: depth exceeded 21




3. Four Views

Search Tree: What Was Explored, and How Deep?

Sigmak [1] 0.00ms @ e Var 0.00ms

SigmaE [1] 0.00ms @ e Var 0.00ms
e Con 0.00ms
e Con 0.00ms

® Con 0.00ms

e EFQ 0.00ms
Sigmal (1/4) [12] 0.3ms e
A SigmaE [1] 0.00ms— e e Var 0.00ms
SigmaE[1] 0.00ms e e Var 0.00ms

® Con 0.00ms
¢ Con 0.00ms
® Con 0.00ms

e EFQ 0.00ms

2|1 subgoal 1 of 4: succeeds; leaves close by forward reasoning



3. Four Views

Search Tree: What Was Explored, and How Deep?

IgE [1] 0.00ms @ SigmaE [1] 0.00ms e e Var 0.00m
® PiE 0.00ms

IgE [1] 0.00ms @ SigmaE [1] 0.00ms e e Var 0.00m
e PiE 0.00ms

e EFQ 0.00ms
Sigmal (2/4 #1) [10] 0.8ms e

IgE [1] 0.00ms e SigmaE [1] 0.00ms e e Var 0.00m
® PiE 0.00ms

IqE [1] 0.00ms @ SigmaE [1] 0.00ms e e Var 0.00m
® PiE 0.00ms

e EFQ 0.00ms

2| subgoal 2, branch #1: fails; its attempts hit the depth bound
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Flame Graph: Where Is the Time Spent?(1/3)

3. Four Views



3. Four Views

Flame Graph: Where Is the Time Spent?(2/3)

|
wall-clock time

width: the total
m“““““H““““m Spent in the subtree rooted at that node
|I||||||||

recursion depth

the vertical axis:

wide cells:

temporal hotspots
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3. Four Views

Flame Graph: Where Is the Time Spent?(3/3)

@ green: success

EFQ ] @ red: failure

. orange: depth exceeded

Answer: 2|1 dominates roughly 90% of wall-clock time.

26



3. Four Views

Rule Statistics: Which Rules Tried, and Which Succeed?

Rule Statistics

Rule
Con
EFQ
IqE

PiE
SigmaE
SigmaF
Sigmal
Var

Attempts
12
40
48
48
68
32
18
68

Success
12

0

48

0

68

0

8

68

Fail

o 0O o o o o M o

Depth

38

48

32

Loop

o o o o o o o o

Time

o o O o o o o o

Pending

o o o o o o o o

Rate
100.0%
0.0%
100.0%
0.0%
100.0%
0.0%
44.4%
100.0%

Total (ms)

0.01 |
1.3 [ ]
0.1 |
0.03 |
0.10 |
0.03 |

15 |
0.04 |
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3. Four Views

Rule Statistics: Which Rules Tried, and Which Succeed?

Rule
Con
EFQ
IqE

PiE
SigmaE
SigmaF
Sigmal

Rule Statistics / e
Attempts Success —TFailr  Depth Loop Time Pending Rate Total (ms)
12 12 0 0 0 0 0 100.0% 0.01 |
40 0 2 38 0 0 0 0.0% 1.3 [ ]
48 48 0 0 0 0 0 100.0% 0.1 |
48 0 0 48 0 0 0 0.0% 0.03 |
68 68 0 0 0 0 0 100.0% 0.10 |
32 0 0 32 0 0 0 0.0% 0.03 |
18 8 8 2 0 0 0 44.4% 1.5 ]
68 68 0 0 0 0 0 100.0% 0.04 |

Var

rule applied, subgoals generated

subtree discharged the goal
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3. Four Views

Rule Statistics: Which Rules Tried, and Which Succeed?

Rule Statistics

Rule Attempts Success Fail Depth Loop Time Pending Rate Total (ms)

Con 12 12 0 0 0 0 0 100.0% 0.01 |

EFQ 40 0 2 38 0 0 0 0.0% 1.3 [ ]

IgE 48 48 0 0 0 0 0 100.0% 0.1 I

PiE 48 0 0 48 0 0 0 0.0% 0.03 |

SigmaE 68 68 0 0 0 0 0 100.0% 0.10 |

SigmaF 32 0 0 32 0 0 0 0.0% 0.03 |

Sigmal 18 8 8 2 0 0 0 44.4% 11.5 ]
Var 68 68 0 0 0 0 0 100.0% 0.04 |

Con, =E, ZE, Var: succeed every time and cost almost nothing.
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3. Four Views

Rule Statistics: Which Rules Tried, and Which Succeed?

Rule Statistics

Rule Attempts Success Fail Depth Loop Time Pending Rate Total (ms)

Con 12 12 0 0 0 0 0 100.0% 0.01 |

EFQ 40 0 2 38 0 0 0 0.0% 1.3 [ ]

IgE 48 48 0 0 0 0 0 100.0% 0.1 I

PiE 48 0 0 48 0 0 0 0.0% 0.03 |

SigmaE 68 68 0 0 0 0 0 100.0% 0.10 |

SigmaF 32 0 0 32 0 0 0 0.0% 0.03 |

Sigmal 18 8 8 2 0 0 0 44.4% 11.5 ]
Var 68 68 0 0 0 0 0 100.0% 0.04 |

EFQ, TrE, 2F: Zero Successes
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3. Four Views

Failure Analysis: Which Failures Repeat?

Deduce Failed (6)

© -2
© -2
e -
e =2
© =2

(Z entity)(Z ((RL< fla < /A TEF/IFET) 0)) (T entity) (T (((# 3% 2) KB5S, KB/7c33) 0))(X (#% 3))T |- (X entity)(Z ((Azr</&</A ...

(L entity) (X ((R1< /& </H EF/I37GT) 0))(X entity) (L (((# K 2) KER//c3 5, KB/1253) 0))(L (#% 3T |- 2((U <L A FEF/EBI) ..
(L entity) (E ((S< /&< [H EF/I3a T) 0))(X entity) (L (((# 3K 2) KEB//c 3 5, KE88/1253) 0))(E (#% 3)T |- 2:((U< 2L [A TEF/IEBI) ..
(L entity) (£ ((M < [ </H EF/I3ET) 0))(X entity) (T (((# 2K 2) KER/fc 3 5, KE8/1c55) 0))(E (#4 3)T |- 2:((U < i< fH TEF/IEBI) ...
(Z entity) (£ (< /< /H BF/I>ET) 0))(Z entity) (T (((# 3K 2) KEB/fc3 5, KE/7c33) 0))(Z (#% 3)T |- 2((UL LA TEFIEBI) ...

@ =1 (T entity)(Z (< /< /H EF/IE%T) 0))(T entity) (T (((# 3% 2) KBR/13 5, KEB/1=35) 0))(Z (#4 3))T |- 2:(Z entity)(Z (R < /<A ...

Depth Exceeded (15)

@) -3 (T entity)(Z ((F< A L/H TEFEET) 0))(Z entity) (T (((#3K5 2) KEE//23 5, K887233) 0))(Z (#4 3)T |- TEF/1d7% T entity
€D =3 (T entity) (I ((FI< A< /H TEF/E7T) 0))(Z entity) (T (((#3K3% 2) KEB/f=3 S5, KEB(7225) 0)(Z (#4 3))T, entity, (< %< H TEF/E...

O =3
O -3
O -3
O -3
O -3
O -3

( entity) (E ((I< /%< [H FEF/IZ7T) 0)) (T entity) (T (((#3%% 2) KBE/1=3 5, KBB/1=35) 0))(E (#4 3))T |- (U< /B <A EF/ERT) d...
( entity) (E (< /%< [H FEF/RERT) 0)) (T entity) (T (((# 35 2) KEB/1=3 5, ABB//223) 0))(Z (#4 3))T |- (U< /=< /A EF/ERT) m..
(£ entity) (Z ((Z< 4 < [H TEF/I37T) 0))(E entity) (T (((# XK 2) KEB/Fc3 5, K8/735) 0)(L (#4 3))T |- ((L< /<A BF/HT) ...
(£ entity) (Z ((Z< A< /A TEF/I3%T) 0))(Z entity) (T (((# ¥ 2) KBB/F235;K8/135) 0)(L (#4 3))T |- ((L /<A BF/BT) K.
(£ entity) (Z ((I< /4 < A TEF/3%T) 0))(Z entity) (T (((# X 2) KBB/f=3 5, K8/1=35) 0))(L (#4 3))T |- ((L< /5L A EF/&ET) TE...

(Z entity) (X (< /e < /A fEF/I37E ) 0))(Z entity) (Z (((# %58 2) KER//225;KB/1=53) 0))(Z (#% 3))T |- (## m1(0)):type 31



3. Four Views

Failure Analysis: Which Failures Repeat?

Deduce Failed (6)
©) -2 (T entity)(Z ((z4

Category: Deduce Failed ( = every rule was tried and
none worked)

© =2 (T entity) (X (< %</ BF/IFART) 0))(T entity) (T (((#3%5 2) KEB/123 5, KEB/1c25) 0))(E (#4 3)T |- 2((IL [ H BF/IEHT) ...
© =2 (T entity)(E (U< %</ TEFIF4RT) 0))(I entity) (I (((#3%5 2) KEB/fc3 5, KE8/7c25) 0))(E (#4 3)T |- 2((IL &< H EF/IET) ...

| € =2 (T entity) (T ((< < H FEF/IZET) 0)) (T entity) (I (((#Hm 2) KRE}2 S, K812 5) 0))(Z (#4 3))T |- 2:((IL 1< [H EF/ERT) ..

© =2 (T entity) (T ((I< /B H EF/IE%T) 0))(Z entity) (T (((#3#:, 2) XKE}2 S5;KEB7<23) 0))(Z (#4 3)T ™K
@ =1 (T entity)(Z (< /< H EF/EAET) 0))(E entity) (Z (((# 5K 2) KEB/1=3 5, KEB/1=35) 0))(Z (#4.3)T

Depth Exceeded (15)

FIL LA TEFRRT) ...

ALY L

@@ -2 (5 entity) (£ (W< /=

Category: Depth Exceeded

Each row: one goal

=53) 0))(Z (#% 3))T |- TEF/iF7xZ entity

€D =3 (T entity) (I ((FI< A< /H TEF/E7T) 0))(Z entity) (T (((#3K3% 2) KEB/f=3 S5, KEB(7225) 0)(Z (#4 3))T, entity, (< %< H TEF/E...

F/iE ) 0))(Z entity) (Z (((# K2 2) KEB/123 5, KE0/1255) 0))(Z (#4 3))T |- (A< [f&<[/H EF/IFHRT) d...

O =2 (=
(4] d]sqg [~
O =3 (= i (=23

. . . JH EFEB) ..
Red badge: how many times it failed | ,; ;52 .

@ d=3 (T entity)(Z ((R< A< A TEFNIZ1 ) 0))(Z entity) (T (((# %, 2) KEB/1c2 S5;K8/1235) 0))(Z (#4 3))T |- (R /< JH TEF/I3KBT) TE...

@ d=3 (T entity)(Z (<A< A TEFNZHT) 0))(E entity) (T (((# %R 2) KEB/1c25;K8/1235) 0))(Z (#4 3))T |- (#% w(0)):type
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3. Four Views

Failure Analysis: Which Failures Repeat?

Depth Exceeded, top rows:

Depth Exceeded (15)
@) =3 (Z entity)(E (< /%< H TEF/IE72 ) 0)) (X entity) (£ (((#3%K3 2) KBE/f=3 5, K88/1<25) 0)) (X (#4 3))T |- T&F/I2% T entity

€D =3 (T entity)(Z ((I< /&< /A TEF/I312T) 0)) (T entity) (I (((# %! 2) KEB/1=2 S5;KBB/1c25) 0))( (#% 3))T, entity, ((I< /%< /H EF/IE...

Answer: the same goals fail again and again: one goal fails 40 times.
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4. Discussion

What This Gives ML-Based Acceleration (1/2)

» Learned proof search is advancing in ITPs (LeanD0jo, Yang et al., 2023; Graph2Tac,
Blaauwbroek et al., 2024). Neural Wani (Miyagawa et al.,, 2026) brings it to wani.
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4. Discussion

What This Gives ML-Based Acceleration (2/2)

Pruning candidates, measured
0 on JSeM 720, lE, 2F, EFQ: many attempts, zero contribution — the kind of
per-query signal a learned rule ranker could use

previously unusable as data; the event log makes them recoverable —

a Failure paths can become training data
positive and negative examples for learning

wani already prunes by hand and most exploration still fails — the

e Beyond hand-optimization
measured case that learning is needed
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4. Discussion

Structural Faithfulness

The tree is rebuilt post-hoc, with no parent pointers.
An error would silently distort every view, so we verify three invariants.

goal pairing: every GoalStart has exactly one GoalEnd
outcome uniqueness: at most one terminal outcome per goal
depth invariant: each goal at depth d > 1 has an active predecessor at d—1

JSeM 720/ 336 goals JSeM 699 /1,680 goals

all three invariants pass pass
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Conclusion

The Search Process Is Now Analyzable

» Profiling & visualization tool for proof search in DTT-based NLI provers
« Case study on JSeM surfaces concrete bottlenecks invisible in raw logs
« Structured event log can become training data for ML acceleration

Future Work: corpus-level aggregation over JSeM, porting via the shared event
schema, training Neural Wani on the collected signals

: Try it now
= Live demo + Docker: wani-viz-site.fly.dev
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