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Abstract

Linguistically oriented formal NLI systems en-
sure the validity and transparency of inference.
However, the combinatorial explosion of can-
didates, which we term the branching prob-
lem, imposes prohibitive computational over-
head and a heavy cognitive burden on gram-
mar developers. We argue that a central cause
is a mismatch between the exhaustive execu-
tion paradigm and the actual workflow of gram-
mar developers. To overcome this barrier, we
propose restructuring the development work-
flow from exhaustive execution to interactive
exploration driven by developer decisions. We
realize this shift in Express, a web-based in-
teractive development environment for light-
blue, a Japanese automated inference system
built upon Combinatory Categorial Grammar
and Dependent Type Semantics. Express trans-
forms branches at each stage of parsing, type
checking, and proof search into explicitly se-
lectable units, transferring control over the rea-
soning process to the developer. Our evaluation
shows that this paradigm shift effectively re-
duces unnecessary computation and cognitive
burden during grammar development: in a user
study, we observed a 96% reduction in explored
paths and an improvement in the task success
rate from 25% to 100%. Furthermore, a case
study demonstrates a roughly 12 x reduction in
debugging turnaround time.

1 Introduction

Linguistically oriented approaches to natural lan-
guage inference (NLI), ranging from automated
systems (Bos, 2008; Mineshima et al., 2015;
Abzianidze, 2017; Hu et al., 2019) to proof-
assistant-based approaches (Chatzikyriakidis and
Luo, 2014), ground inference in logical forms and
theorem proving, ensuring both validity and trans-
parency. Yet the grammar developers who build
and maintain these systems struggle to use them
effectively in everyday development.
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The system targeted in this work, lightblue
(Tomita et al., 2025), is a formal NLI system based
on CCG and DTS (see §2.1 for details). lightblue
serves two complementary use cases: as an auto-
mated inference engine whose outputs are used
for NLI experiments and treebank construction
(Tomita et al., 2024), and as a platform for grammar
development, where developers trace through the
inference pipeline to verify that their theoretical
assumptions yield the intended linguistic predic-
tions. It is this second use case—a feedback loop
between linguistic theory refinement and compu-
tational verification—that Express is designed to
support.

However, the development and verification of
such systems pose unique challenges. Inference
in lightblue consists of multiple stages (syntac-
tic/semantic parsing, type checking, and proof
search), each of which retains multiple theoreti-
cally admissible candidates as it proceeds. We refer
to the resulting proliferation of candidates as the
branching problem. Unlike conventional NLI sys-
tems where sentence-level ambiguities are resolved
independently, lightblue’s DTS-based architecture
performs type checking sequentially: each syntac-
tic structure may yield multiple type checking out-
comes due to alternative anaphora/presupposition
resolutions, and each such outcome serves as the
context for type checking the subsequent sentence.
As a result, ambiguities compound across sen-
tences, causing the total number of branches to
grow exponentially even for a typical NLI problem
with just two or three input sentences.

Under the conventional exhaustive execution ap-
proach, computation is uniformly applied to all
branches, including those irrelevant to the devel-
oper’s interests. In practice, developers must man-
ually sift through voluminous output to locate a
single path of interest among hundreds of candi-
dates, a cognitively demanding and error-prone pro-
cess that constitutes a major bottleneck in everyday
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grammar development.

While interactive tools exist for grammar en-
gineering and NLP pipeline inspection—XLE
(Crouch et al., 2011) for LFG, INCEpTION (Klie
et al., 2018) for annotation, AllenNLP Demo (Gard-
ner et al., 2018) for visualization—they target a
single processing phase and do not track chains
of ambiguity across fundamentally different stages
such as parsing, type checking, and theorem prov-
ing.

More closely related is the use of proof assis-
tants for NLI: Chatzikyriakidis and Luo (2014)
use Coq’s interactive capabilities to verify natu-
ral language inferences. However, proof assistants
operate within a single proof goal, whereas the
branching problem targeted here arises upstream,
at the level of selecting which syntactic structures
and type checking outcomes to pass to the prover.
Our approach makes this upstream disambiguation
itself interactive, a level of control that proof assis-
tants do not address.

To our knowledge, no integrated interactive de-
velopment environment has been proposed for for-
mal NLI systems that provides unified visualiza-
tion and control of ambiguity across parsing, type
checking, and proof search.

We argue that the root cause of this usability
issue lies not in computational complexity or inter-
face design, but in a fundamental gap between the
exhaustive execution paradigm (which computes
everything before presenting results) and the actual
workflow of grammar developers (who naturally
focus on specific branches, verify them incremen-
tally, and apply their linguistic intuition to select
among candidates).

To bridge this gap, we propose restructuring the
development workflow from execution to explo-
ration: instead of inspecting exhaustively computed
results, developers navigate the inference pipeline
interactively, guided by their linguistic judgment.
We realize this shift in Express, a web-based in-
teractive development environment for lightblue
that makes branches explicitly selectable units and
transfers control over the reasoning process back to
the developer. Implemented in Haskell—the same
language as lightblue—using the Yesod frame-
work (Snoyman, 2015), Express directly reuses
lightblue’s internal data structures.

Our contributions are threefold: (1) An interac-
tive execution model for lightblue in which dis-
ambiguation advances incrementally through user
interaction; (2) Express, a web-based environment

with unified branch visualization across parsing,
type checking, and proof search; and (3) Empirical
validation through a user study demonstrating sub-
stantial improvements in both task success rate and
completion time.

Our evaluation shows that this shift effectively
avoids unnecessary computation and reduces cog-
nitive burden (§5).

2 The Branching Problem

This section formally defines how branches prolifer-
ate across lightblue’s multi-stage inference pipeline
(syntactic/semantic parsing, type checking, and
proof search), and argues that the resulting compu-
tational overhead and cognitive burden stem from
a paradigm mismatch.

2.1 Multi-Stage Inference in Formal NLI

lightblue is an automated inference system that in-
tegrates Combinatory Categorial Grammar (CCG;
Steedman, 2000) with Dependent Type Semantics
(DTS; Bekki and Mineshima, 2017). Its inference
pipeline consists of three sequential stages (Tomita
et al., 2025):

Parsing and semantic composition. CCG-based
syntactic parsing is applied to input sentences,
yielding DTS-based semantic representations.
Since CCG parsing employs CYK chart
parsing, multiple grammatically admissible
syntactic structures may arise from various
combinations of syntactic types or alternative
category assignments to lexical items.

Type checking and anaphora resolution. Type
checking under Dependent Type Theory
(Martin-Lof, 1984) is applied to each resulting
semantic representation. When a represen-
tation contains underspecified terms (e.g.,
pronouns and other presupposition triggers
that require resolution), anaphora resolution
is simultaneously carried out through proof
search; this process may yield multiple proof
terms, causing the type checking results
to branch. For multi-sentence inputs, the
semantic representation of each preceding
sentence serves as the context for type
checking the subsequent one, causing the
combinations of syntactic structures and type
checking outcomes to grow exponentially in
the number of sentences.



Proof search. The theorem prover wani (Daido
and Bekki, 2020) determines whether a proof
term can be constructed for entailment (the hy-
pothesis sentence) or contradiction (its nega-
tion) to output YES, NO, or UNKNOWN la-
bels.

2.2 Formal Definition of the Branching
Problem

Given k input sentences (k — 1 premises and one
hypothesis), let ¢ denote the maximum number of
syntactic structures retained per sentence and j the
maximum number of type checking outcomes per
structure. The total number of proof search queries
grows exponentially in &, reaching:

2. (i-5)" ¢))

In practice, parsing may yield multiple syntactic
structures from syntactic type ambiguity, but only
the top-n are retained; similarly, each structure
may contain underspecified terms whose anaphora
resolution and presupposition binding admit multi-
ple proof terms, but only the top-m type checking
outcomes are kept. Thus ¢ and j in Equation (1) de-
note these bounded counts (e.g. ¢ = 4, j = 4in §5),
yet the branching problem persists: because type
checking proceeds sequentially, each sentence’s re-
sult serving as context for the next, the total still
grows as (i - j)¥, exponentially in the number of
sentences k.

We term this the branching problem (Figure 1).
The factor of 2 reflects proof search for both entail-
ment and contradiction.

Under the conventional exhaustive execution
approach, all candidates are enumerated and pro-
cessed uniformly. This leads to two critical conse-
quences:

Computational overhead. In this paradigm, all
potential paths are computed indiscriminately, in-
cluding those irrelevant to the developer’s linguistic
intent. Even for typical NLI problems consisting of
only two or three sentences, the number of branches
increases exponentially with respect to k, requiring
substantial computational resources to isolate the
inference result for a specific path of interest.

Cognitive burden. The exhaustive approach in-
termingles results from all disambiguation paths,
often flooding the developer with outputs from
spurious or unintended branches. Developers are
forced to manually sift through voluminous, in-
terleaved data to locate the single reasoning path

they wish to verify—a cognitively demanding and
error-prone process that stifles rapid, iterative de-
velopment and debugging.

2.3 The Root Cause: A Paradigm Mismatch

The branching problem reflects a fundamental mis-
match between the system’s “compute-then-output”
execution paradigm and the actual workflow of
grammar developers, who rarely need all inference
results simultaneously.

For instance, a developer may wish to isolate a
specific syntactic structure for a single sentence to
observe its downstream effects on type checking
and proof search. Alternatively, they may need
to verify whether a recent modification to a gram-
mar correctly reflects in the intermediate syntactic
structures without running the entire pipeline. In
these scenarios, what the developers actually re-
quire is selective verification, step-by-step control,
and inspection of intermediate stages.

The exhaustive execution paradigm fundamen-
tally fails to support this selective, incremental
workflow. Because results are exclusively pre-
sented after the entire computation completes, the
system operates as a monolithic process. The devel-
oper cannot intervene at intermediate stages of in-
ference to prune unintended branches, directly caus-
ing the computational waste and cognitive overload
discussed previously.

3 From Execution to Exploration

The mismatch identified in the previous section
is rooted in the execution paradigm itself. Impor-
tantly, the shift we propose does not alter light-
blue’s automated inference engine; rather, it restruc-
tures the development workflow so that developers
can navigate the inference pipeline interactively, as
detailed below.

Under the exploration paradigm we propose, de-
velopers navigate the inference pipeline stage by
stage: at each stage, the system presents the avail-
able branch candidates, and the developer selects
one before computation proceeds. Because the
developer explicitly selects one candidate at each
branching point, the number of active paths never
grows to 2 - (i - j)* as under exhaustive execu-
tion, but remains manageable at all times, simul-
taneously avoiding unnecessary computation and
reducing cognitive burden.

This shift is not merely an interface improve-
ment: a post-hoc filtering approach that layers a
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Figure 1: Branching structure of inference in lightblue. Each sentence retains ¢ top-scoring syntactic structures and
j type checking outcomes per structure, resulting in up to 2 - (i - j)* proof search queries for k input sentences.

tree-structured Ul over exhaustively computed re-
sults would reduce cognitive burden but would
entirely fail to address computational overhead.
Indeed, when relevant branches are not reached
within practical time limits (as with Problem B
in §5.1), there are no results to filter. The explo-
ration paradigm resolves this by integrating devel-
oper decisions into the execution itself: exploiting
Haskell’s lazy evaluation (§4.3), computation pro-
ceeds on demand only along the path the developer
selects, so that results can be obtained even when
exhaustive enumeration is infeasible.

4 Express

Express realizes the exploration paradigm as
a web-based interactive development environ-
ment for lightblue, enabling step-by-step control
over branch selection across the entire inference
pipeline.!

4.1 Design Principle

The design of Express is guided by the principle
that navigating the inference pipeline should be
an interactive, user-driven process rather than a
monolithic batch computation. In this architec-
ture, branches are treated as explicitly selectable
units that the developer can inspect and operate
on. Specifically, syntactic structures at the parsing
stage and type checking outcomes at the seman-

'Source code: https://github.com/kohapizza/
lightblue (Express is integrated into lightblue). A demon-
stration and usage instructions are available at https:
//kohapizza.github.io/Express-Demo-Website/.

tic stage are presented as distinct candidates for
the developer to evaluate. While the current im-
plementation directly interfaces with lightblue’s
internal functions, the exploration logic itself is not
inherently system-specific. Abstracting the parser
and type checker interaction into a Haskell type
class, with lightblue as one instance, is a planned
extension to support other formal NLI systems.
Based on this principle, Express integrates three
features aligned with the practical debugging work-
flow: (1) Investigate: localized substring anal-
ysis; (2) Explore: interactive branch selection
for full-sentence inference; and (3) Share: proof
search query export for cross-developer collabora-
tion. Each is detailed in the following subsections.

4.2 Investigate: Substring Analysis

The first step in diagnosing unexpected behavior
is to localize the problem to a specific substring.
Express builds on lightblue’s CYK chart parsing—
which inherently retains syntactic structures for all
intermediate constituents—allowing the developer
to select any arbitrary span of the input sentence.
The system instantly displays the parsing candi-
dates and their DTS semantic representations for
that span (Figure 2), enabling rapid localized diag-
nosis without re-running the full pipeline.

4.3 Explore: Interactive Branch Selection

Building on this local analysis, the developer must
then run full-sentence inference to verify how local
modifications affect the final outcome. Under ex-
haustive execution, the developer would be forced
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Figure 2: Substring analysis in Express. From the full sentence Taro ran to school, the developer selects the substring
Taro ran. Express instantly displays all parsing candidates retained in the chart for the selected substring, each
showing the CCG syntactic type and DTS semantic representation.

to wade through up to 2 - (4 - j)* paths to locate the
relevant one.

Express eliminates this bottleneck by decom-
posing the inference process into two sequential
selection points: (1) syntactic structure selection:
Multiple parsing candidates generated by CCG
are displayed as parallel, collapsible cards. The
developer selects a single structure to proceed to
type checking. (2) Type checking outcome selec-
tion: Multiple proof terms arising from alternative
anaphora/presupposition resolutions are presented
as distinct branches. The developer selects one
specific outcome to proceed to proof search. Be-
cause the developer selects exactly one candidate at
each stage, the number of active paths never grows
exponentially (Figure 3 and Figure 4).

To ensure responsiveness, Express computes in-
ference results on demand via lazy streams. Parsing
results are maintained as per-sentence streams, and
type checking outcomes are stored in a map keyed
by sentence and node indices; changing a branch
invalidates only downstream computations. Proof
search results are cached by query content, so that
different paths converging on the same query share
cached results, minimizing redundant computation.

4.4 Share: Proof Search Query Export

When interactive exploration reveals a failure dur-
ing the proof search phase, the grammar developer
must communicate the failure conditions to the the-
orem prover’s developer. Historically, reproducing

specific inference contexts required manually re-
constructing the formal proof search query from
raw system outputs, a tedious, error-prone process
often consuming upwards of an hour for complex
semantic representations.

Express directly addresses this friction by provid-
ing a feature to export the interactively formulated
proof search query into a format natively loadable
in wani. The theorem prover developer can then
instantly load the exported query to accurately re-
produce the failure context. This direct handoff
accelerates the debugging cycle from initial diag-
nosis to collaborative resolution (Figure 5).

5 [Evaluation

We now examine whether the shift from execu-
tion to exploration, as realized in Express, reduces
unnecessary computation and cognitive burden
caused by the branching problem (§2).

5.1 Search Space Reduction

We quantitatively evaluated the search space re-
duction using two NLI problems that represent
typical scenarios grammar developers face: Prob-
lem A, which lightblue solves correctly but where
exhaustive execution is slow due to branching;
and Problem B, which is theoretically solvable but
not handled successfully by the current theorem
prover. Both problems consist of two input sen-
tences (k = 2), with the system configured to retain
up to 4 syntactic structures per sentence (i = 4; see
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Figure 3: Interactive branch selection in Express for the hypothesis Hanako was scolded. (a) Multiple syntactic
structures are displayed as collapsible cards (UI panels); the developer selects one by clicking typecheck. (b) The
resulting type checking outcomes, each corresponding to a different anaphora resolution, are displayed; the developer
selects one before proceeding to proof search.
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Figure 4: Operational flow of Express. The developer incrementally selects syntactic structures and type checking
results at each stage (highlighted path), preventing the exponential branching that arises under exhaustive execution.

Exhaustive Express reduction (Table 1). For Problem B, exhaustive ex-
Paths Time Paths Time ecution had evaluated 128 paths when terminated
at the 120-second time limit; the enumeration re-
mained incomplete and did not reach the target
proof search query, which exists in the full search

. . space. In contrast, Express enabled the developer
Table 1: Search space comparison. Exhaustive execu- h thi f Luati 1 h
tion was terminated at the 120-second time limit. Paths: to reach this query after evaluating only 28 paths

number of disambiguation paths computed; Time: back- and export it, enabling the kind of collaborative
end computation time. debugging illustrated in §5.3. These results show

that interactive exploration effectively avoids un-
) necessary computation: developers can reach diag-
§2.2) and up to 4 type checking outcomes per struc-  poggically relevant branches that are theoretically

- - 2 _ . . .
ture (j = 4), producing at most 2 - (4 - 4)* = 512 present but practically inaccessible under exhaus-
proof search queries under exhaustive execution. tive execution.

For Problem A, exhaustive execution generated
260 paths and timed out, whereas Express required
only 10 paths and completed in 12 seconds, a 96%

Problem A 260 >120s 10 12s
Problem B 128  >120s 28 94s
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Figure 5: Proof search query export in Express. The premise Taro eats apples and broccoli and hypothesis Taro eats
fruits and vegetables are displayed with the corresponding proof search query as a DTS type judgment. The query
can be saved as a file directly loadable by the theorem prover wani.

5.2 User Study

To examine whether the reduction in search space
translates into a reduced cognitive burden for devel-
opers, we conducted a within-subjects user study.

Participants and task design. Four researchers
with experience in grammar development using
lightblue participated, representing nearly the en-
tire population of active lightblue grammar develop-
ers. The task was to identify a specific disambigua-
tion path and locate the corresponding proof search
query, using Problems A and B from §5.1. In the
Express condition, participants used Express; in the
baseline, they navigated a static HTML file con-
taining all disambiguation paths from exhaustive
execution. To control for order effects and problem
difficulty, we employed a counterbalanced design:
each participant solved one problem with Express
and the other with the baseline, varying both the
problem assignment and presentation order across
participants (Table 2). This design directly isolates
and measures the usability of inference process
navigation, decoupled from lightblue’s underlying
inference accuracy.

Results. A notable result is the contrast in task
success rates: all four participants successfully
identified the target path in the Express condition
(100%), whereas only one succeeded in the base-
line condition (25%).

The mean completion time decreased from
7m20s to Im51s (Table 2). Note that the base-
line mean is highly conservative; two participants

ID Cond. Prob. Time Ops. Success
P1  Baseline A 4m 08s 46 Yes

P1  Express B 1m 26s 8 Yes

P2  Baseline B 10m 00s - No (timeout)
P2 Express A 1m45s 14 Yes

P3  Express A 2m55s 16 Yes

P3  Baseline B 10m 00s - No (timeout)
P4 Express B Im17s 8 Yes

P4  Baseline A S5m12s - No
Baseline 7m20s (avg) 46 1/4 (25%)
Express Im51s (avg) 11.5(avg)  4/4 (100%)

Table 2: User study results. Rows are ordered by presen-
tation sequence within each participant. Prob.: problem
from Table 1. Time: task completion time (timeout at
10 min). Ops.: number of operations; omitted for failed
trials.

reached the 10-minute time limit without complet-
ing the task, meaning their true completion times
would have been longer. Participants’ qualitative
feedback indicates that the improvement lies not
merely in speed, but in reduced cognitive load. In
the baseline condition, P2 reported “I couldn’t tell
where I was in the file, and couldn’t return to where
I had been looking.” In contrast, Express provided
“an intuitive sense of the path.” This suggests that
transferring control over the reasoning process to
developers enables them to maintain their spatial
orientation within the inference space, substantially
reducing the cognitive burden imposed by the ex-
haustive paradigm.

Subjective usability ratings (Table 3) corrob-
orate this interpretation: Express received near-
maximum scores across all items, with a particu-
larly pronounced advantage in the ease of under-



Q1 Q2 Q3 Q4
Baseline 1.75(1.5) 1.25(1.0) - -
Express  4.75(5.0) 4.75(5.0) 5.00(5.0) 4.75(5.0)

Table 3: Likert scale results: mean (median). Q1: ease
of reaching the target path; Q2: ease of understanding
the inference process; Q3: workload reduction; Q4:
intention to use in practice.

standing the inference process (Q2: median 5.0 vs.
1.0).

5.3 Case Study: Diagnosing Proof Search
Failures

Finally, we illustrate how the exploration paradigm
fosters not only individual efficiency but also col-
laborative problem-solving across distinct devel-
oper roles.

Given the premise “Taro eats apples and broccoli”
and the hypothesis “Taro eats fruits and vegetables,”
lightblue returned an UNKNOWN label instead of
the expected YES. This entailment should hold
once proof search establishes the lexical relations—
that apples are a kind of fruit, and broccoli a kind
of vegetable. Diagnosing why it did not requires
isolating, among the up to 2- (i - j)* candidates pro-
duced under exhaustive execution, the proof search
query at issue. The grammar developer carried out
this diagnosis in three steps, each corresponding to
one of the features in §4.

Localizing the problem (Investigate). The de-
veloper first employed substring analysis (§4.2) to
verify that the relevant segments of the input sen-
tences were syntactically and semantically parsed
as intended, thereby isolating the issue and confirm-
ing that it did not originate in the syntactic analysis
phase.

Pinpointing the unsolved query (Explore). The
developer then ran full-sentence inference and, at
each branching point, selected the intended syn-
tactic structure and type checking outcome (§4.3).
Without sifting through the candidates produced by
exhaustive execution, this led to the proof search
query that should have returned YES but instead
returned UNKNOWN. Since the query remains un-
solved despite these intended selections, the prob-
lem can be attributed to proof search rather than to
any earlier stage.

Reporting it to the prover developer (Share).
Finally, the developer exported this specific query
as a file natively loadable by wani (Figure 5) and

sent it to the theorem prover’s developer. Upon
loading the file, the wani developer reproduced the
exact state and identified the root cause, a search ef-
ficiency issue related to equality type introduction,
within approximately five minutes.

Under the previous workflow, the wani developer
would have had to manually transcribe the formal
expressions from screenshots into DTT format, a
tedious process that alone required roughly an hour
for complex semantic representations. Express’s
export feature entirely eliminated this transcription
bottleneck, resulting in a roughly 12 x reduction in
debugging turnaround time.

This case demonstrates that the exploration
paradigm extends beyond individual productivity:
by enabling developers to isolate and share specific
branches in a reproducible format, Express makes
cross-stage collaboration practically viable.

6 Conclusion

To address the computational overhead and cog-
nitive burden caused by the branching problem,
rooted in a mismatch between the exhaustive ex-
ecution paradigm and the iterative workflow of
grammar developers, we proposed restructuring
the development workflow from execution to explo-
ration. Express, the system realizing this paradigm,
transforms branches into explicitly selectable units,
transferring control over the reasoning process to
the developer. As confirmed by our evaluation (§5),
this shift substantially reduces unnecessary compu-
tation and cognitive burden in practice.

While our evaluation is currently limited to light-
blue and Japanese data, we emphasize that its goal
is not broad user generalization, but to assess us-
ability for expert developers engaged in grammar
engineering.

A natural concern is whether these gains re-
flect differences in task familiarity or problem
difficulty rather than the tool itself. Our within-
subjects, counterbalanced design guards against
this: each participant performed one task with Ex-
press and the other with the baseline, with problem
assignment and presentation order counterbalanced
across participants (Table 2), controlling for both
individual expertise and problem difficulty. The
effect is moreover consistent across participants:
all four succeeded with Express, whereas only one
succeeded with the baseline and two trials reached
the 10-minute timeout. We nonetheless acknowl-
edge that NV = 4 limits statistical power. Because



this already constitutes nearly the entire popula-
tion of active lightblue developers, a substantially
larger study would require that community to grow,
which is itself one of the motivations for building
Express.

While Express currently targets lightblue, the
branching problem is not a limitation of this par-
ticular system but an inherent consequence of pre-
serving syntactic ambiguity through the pipeline
and performing anaphora resolution within cross-
sentential type checking, a design that faithfully
reflects the underlying linguistic theory. This com-
bination is uncommon among current formal NLI
systems, where ambiguity is typically resolved at a
single stage (see Appendix A.1), and the branching
problem accordingly does not arise. The paradigm
shift we propose, from exhaustive execution to in-
teractive exploration, is not specific to lightblue;
it can apply to formal NLI systems whose multi-
stage pipelines produce compounding ambiguity.
As such systems adopt richer cross-stage linguistic
representations, the exploration paradigm is likely
to become increasingly relevant.

More broadly, formal NLI systems such as light-
blue represent a bridge between formal linguistics
and computational approaches to language under-
standing: they ground inference in well-defined
linguistic theories, making theoretical assumptions
explicit and computationally testable. Such sys-
tems also hold promise as platforms for evaluat-
ing the reasoning capabilities of neural language
models against rigorous formal linguistic standards.
However, if the development workflow for the sys-
tems that embody this bridge remains impractical,
the bridge itself cannot be crossed. By making
the development workflow of formal NLI tractable
and transparent, Express helps ensure that the con-
nection between formal linguistics and NLP is not
merely theoretical but practically sustainable.
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A Appendix - Supplementary Details

A.1 The Branching Problem in Other Formal
NLI Systems

ccg2lambda (Martinez-Gomez et al., 2016) trans-
lates CCG derivations into first-order or higher-
order logical formulas and delegates inference to an
off-the-shelf theorem prover. Because its semantic
representations do not involve underspecified terms
requiring anaphora resolution during type check-
ing, the exponential branching across sentences that
characterizes lightblue’s DTS-based pipeline does
not arise. LangPro (Abzianidze, 2017) similarly
resolves lexical and phrasal ambiguities within a
natural logic tableau framework where branching
is managed by the prover’s own search strategy
rather than by an external multi-stage pipeline. The
branching problem addressed in this paper is thus
particularly acute in systems where type checking
and anaphora resolution are interleaved across sen-
tences, as in DTS-based architectures.

A.2 User Study Details

Participant expertise. All four participants are
researchers at the authors’ institution with expe-
rience in grammar development using lightblue.
Table 4 summarizes their experience and research
focus.

ID Exp. Research focus

P1 3 yrs NLIsystem evaluation using formal
test suites

P2 1yr  Neural-symbolic integration for for-
mal NLI

P3  3yrs CCG-based semantic composition
for Japanese

P4 2yrs Neural acceleration of theorem prov-

ing

Table 4: Participant expertise. Exp.: years of experience
with lightblue.

Likert scale questionnaire. Participants rated
each item on a 5-point scale (1: strongly disagree, 5:
strongly agree). Q1 and Q2 were administered for
both conditions; Q3 and Q4 were administered for
Express only, as they explicitly compare Express
against the baseline.

Q1 It was easy to reach the target inference path.

Q2 It was easy to understand the inference pro-
cess.
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Q3 Express reduced the workload compared to the
conventional approach.

Q4 I would like to use Express in actual grammar
development work.

A.3 NLI Problems Used in the Evaluation

Table 5 shows the two NLI problems used in §5.1
and §5.2. Both problems consist of one premise
and one hypothesis (k=2) and involve entailment re-
lations concerning Japanese passive constructions,
where branching arises from the syntactic analysis
and anaphora resolution of passive forms.

Problem A Problem B
Premise Taro-ga  Hanako-ni  Taro-ga  Hanako-o
nak-are-ta. shikat-ta.
(Taro was cried on by  (Taro scolded
Hanako.) Hanako.)
Hypothesis  Hanako-ga nai-ta. Hanako-ga shikar-are-
(Hanako cried.) ta.
(Hanako was scolded.)
Label Yes Yes

Table 5: NLI problems used in the evaluation (§5).

Problem A involves an indirect passive (adver-
sative passive) construction, while Problem B in-
volves entailment from an active to a passive sen-
tence. Under exhaustive execution, Problem A gen-
erated 260 disambiguation paths and Problem B
generated 128 (Table 1).

Figure 6 shows a portion of the HTML output
generated by lightblue’s conventional exhaustive
execution for Problem A, as used in the baseline
condition of the user study. The small scroll bars
indicate that the visible area represents only a frac-
tion of the full output.

Figure 6: Conventional lightblue output for Problem A
(3.7MB HTML file). The developer must manually
locate a single path of interest within this voluminous
output. Compare with the Express interface in Figures 3
and 4.



