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Abstract

We present a platform for developing compositional semantic annotations for formal syntactic representations that
allows users to interact with and explore annotations and to track their progress and quality. For this, we provide
several forms of visualizations and take inspiration from research in linguistic treebanking. Thus, we contribute to
the development of formal semantic parsers and corresponding meaning banks. The system is designed with a
regression testing paradigm in mind and provides support for NLI so that the created semantic resources can be
developed and validated in a task-driven environment. We defend this paradigm in comparison to modern approaches
to semantic parsing that are mainly evaluated on the basis of gold standard annotations.

1. Introduction

Formal semantic parsing has received little atten-
tion in the wake of machine-learning and deep
learning driven approaches. This is despite the
fact that such approaches suffer from various short-
comings. For example, they do not really solve
the problem of the inability to properly generalize
to out-of-domain data, sometimes even inventing
completely nonsensical analyses (see, e.g., Haug
et al. 2023; Zhang et al. 2022, 2025). However,
their continuing popularity suggests that the bene-
fits of these methods outweigh their flaws relative
to formal approaches.

We believe that this is not entirely justified, as
formal approaches provide a level of transparency
and reliability that is not matched by quantitative
methods." Thus, we provide a system for deriving
semantic parsers built around formal methods in
computational linguistics.

Our system deviates from popular approaches
in semantic parsing, concretely, the comparison
of analyses against a gold standard (see Zhang
et al. 2025 for an overview of methods). Rather,
we follow a task-driven approach, evaluating se-
mantic representations in the context of automated
reasoning, in particular, the natural language infer-
ence (NLI) task (MacCartney and Manning, 2009),
an ingredient of many NLP tasks (Bos, 2009).

According to Bos (2009), building a platform for
developing and evaluating formal semantic parsers
in this way is a major undertaking requiring a level
of expertise in various disciplines, such as formal
logic, computer science, linguistics, and NLP. This
is certainly true. Thus, we believe it is crucial to fo-
cus on making computational linguistic resources
accessible, such that linguistic analyses can be
developed with less concern for the more tech-

"We do not mean reliability in the sense of robustness
but rather in the sense that, e.g., interactions between
semantic operators can be deterministically predicted.

nical aspects of semantic parsing.? We present
an attempt at this by providing a browser-based
application for developing compositional semantic
analyses derived from syntactic parses, such as,
for example, illustrated for the grammars developed
in the framework of Lexical Functional Grammar in
Zymla et al. (2025b) or for Universal Dependency
analyses in (Findlay et al., 2023).3

Our application supports prototyping individual
analyses and regression testing (Chatzichrisafis
et al., 2007), enabling users to test analyses at
a larger scale. However, we acknowledge the
flaws of formal semantic parsing as they become
more critical as coverage of a grammar is extended.
We hypothesize that testing these boundaries can
shed more light on the linguistic aspects of reason-
ing. Thus, we propose an incremental semantic
parsing paradigm that matches particular semantic
analyses with particular inference patterns, such
that these analyses are covered by separately ap-
plicable rules. More concretely, we assume that
building multiple interoperable medium-sized gram-
mars, targeting specific inference patterns, is more
beneficial than a broad coverage semantic parser
built on a single set of grammatical and semantic
rules. The tools presented here serve to foster
such grammars and to generate corresponding
meaning banks that may be beneficial in down-
stream tasks.

This paper is structured as follows: In section 2,
we lay out the necessary background. We present
our system in section 3, and in section 4 we de-
scribe incremental parsing as our ideal vision for
using the system. Section 6 concludes.

2As is achieved in a number of linguistic annotation
tools, e.g., (Stenetorp et al., 2012; Liu et al., 2017).

® The system is available at https://github.com/
Mmaz1988/x1leplusglue/tree/dmr2026_regression_
testing. Using XLE grammars requires access to
XLE binaries for Linux managed via the University of
Konstanz. Please contact the authors for assistance.
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2. Background

The main goal of this paper is to present a tool
that facilitates semantic parsing and the generation
of corresponding tree-, or rather, meaning banks,
based on formal linguistics. Zymla et al. (2025b)
present a qualitatively tested approach to formal se-
mantic parsing for NLI based on XLE+Glue, a sys-
tem developed in the context of Lexical Functional
Grammar (LFG; Bresnan et al. 2015; Dalrymple
2001, 2023). As described there and in Zymla et al.
(2025a), XLE+Glue combines three resources: i)
Linguistic Graph Expansion and Rewriting (LIGER),
a resource for description-by-analysis, ii) the Glue
semantics workbench (GSWB), a resource for cal-
culating Glue derivations, and iii) an interface to
the Vampire theorem prover.* Thus, they provide
a workflow that allows for semantic parsing that is
tested in the context of natural language inference
(MacCartney and Manning, 2009). These tools are
built around Glue semantics, a formalization of the
syntax/semantics interface, which we introduce in
the next section.

2.1.

Glue semantics or Glue has recently received re-
newed interest (MeBmer and Zymla, 2018; Dal-
rymple et al., 2020) and the underlying tools con-
tinue to mature (Zymla et al., 2025a). They have
been used, for example, to model aspects of the
prosody-meaning mapping (Butt et al., 2024) or
to verify complex formal analyses (Przepiorkowski
and Patejuk, 2023).

The main idea of Glue is that compositionality is
guided by the resource-sensitive linear logic (Dal-
rymple, 1999), such that the meaning of an expres-
sion and the way in which it interacts with other
pieces of meaning are captured separately. The
corresponding basic semantic representations are
called meaning constructors.® Importantly, Glue
is compatible with various syntactic and mean-
ing representations, providing a very general view
of the syntax/semantics interface that captures
many of its fundamental aspects, while abstracting
away from potential syntactic and semantic idiosyn-
crasies of specific formalisms.®

Glue and description-by-analysis

*The name XLE+Glue stems from the fact that these
tools have been developed mainly in the context of pro-
viding semantic representations for the Xerox linguistics
environment (XLE; Crouch et al. 2017). However, the
system has been extended to work with UD parses by
Stanza, and, more generally, other syntactic parsers may
be substituted.

SWe do not explain the details of Glue semantics
here. A comprehensive overview can be found in Asudeh
(2023), or the recent LFG handbook (Dalrymple, 2023).
For a practical introduction, see Zymla et al. 2025b.

8For example, Glue semantics maintains the type-

There exist at least two ways to introduce mean-
ing constructors to a syntactic framework. The
first is called co-description, and is somewhat
LFG-specific in that semantic representations are
stored lexically (or sometimes, as part of syn-
tactic rules; Dalrymple 2001). The tools pre-
sented here mainly concern the second possibility:
description-by-analysis (DBA), which models the
syntax/semantics interface as rewrite rules applied
to syntactic structures (e.g., Andrews 2008). Fig-
ure 1 provides an example of how to use DBA
rules to add compositional semantic information to
a UD analysis. As shown there, rules are applied
sequentially to some input, adding additional struc-
ture and introducing meaning constructors. These
can then be used for semantic composition.

Bobrow et al. (2007); Crouch and King (2006);
Crouch (2005) provide early approaches to seman-
tic parsing with DBA based on LFG but do not
employ Glue semantics per se. Lev (2007) more
closely resembles the present approach in that it
uses DBA to produce Glue meaning constructors.
It serves as inspiration for XLE+Glue (Dalrymple
et al., 2020; Zymla et al., 2025a), which we build
upon in this paper. More recent approaches to
DBA (Findlay et al., 2023; Zymla et al., 2025b)
have also been built around (parts of) these tools.
All these approaches to DBA use graph rewriting;
thus, in principle, DBA can be applied to any lin-
guistic representations that can be cast as directed
graphs. Consequently, it synergizes well with the
flexibility of Glue.

2.2. Semantic parsing for meaning
banking

More generally, our tools contribute to grammar
development (Butt et al., 1999) and treebanking
(Marcus et al. 1993; or more specifically, meaning
banking), which are essential aspects of traditional
CL methods and have heavily influenced the de-
sign of linguistic annotations in the past.

Meaning banks exist for various formalisms,
such as the DeepBank for HPSG (Flickinger et al.,
2012) or the Groningen meaning bank for a ver-
sion of DRT (Abzianidze et al., 2020). Further, the
abstract meaning representation (AMR) effort pro-
vides annotations via the LDC (Knight et al., 2020)
and unified meaning representations (UMR) built
on the AMR formalism, providing corresponding
data sets (Bonn et al., 2024). However, only a
small portion of modern meaning banks still rely on
formal parsers for data annotation, despite many
meaning banks originating from these efforts (e.g.,
the predecessor of the PMB, the Groningen mean-

driven analysis of quantifiers, without requiring additional
syntactic mechanisms, like quantifier raising, or storage-
based methods (Dalrymple et al., 1999).
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Every dog sniffed a tree.
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Figure 1: Indefinite NP semantics example via LIGER: DBA rules identify subgraphs in a UD parse
to expand with semantic information. The first rule gives any matching dependent the semantics of a
property (type < et >). The second rule identifies this property as the restrictor of the quantifier (identified
by the variable #s = 11) and the semantics of the verb as the scope (identified by #q = 7). Together, they

form the semantics for the quantifier attached to the corresponding node #t (=

create a canonical quantifier of type < et,t >.

ing bank, relied on CCG parsers). Although LFG
provides a variety of syntactic treebanks (e.g., Sul-
ger et al. 2013), there do not yet exist correspond-
ingly extensive meaning banks, making the present
tools particularly interesting for this framework.
While we do not directly contribute to this re-
search in the present paper, we assume that for-
mal semantic parsing can lay the foundation for
neuro-symbolic approaches which not only strive
for best performance but also bridge the gap be-
tween formal and computational linguistics, by, for
example, testing whether language models can effi-
ciently learn from formal linguistic annotations (see,
e.g., Lindemann et al. 2024; Li et al. 2021; Strubell
et al. 2018). To achieve the necessary large-scale
datasets, sufficiently powerful and robust parsers
are needed. Importantly, these parsers should
reliably capture complex syntactic and semantic in-
teractions, particularly those that cannot be easily
derived from surface patterns (e.g., scope ambigu-
ities). However, permitting ambiguities can make
formal parsing challenging (Bunt, 2008); thus, we
borrow techniques from efforts to link grammar
development and tree-banking to enable efficient
management of ambiguities. Particularly, we build
on the discriminant system presented in Rosén
et al. (2006). Overall, we provide tools that allow
for the generation of larger, more detailed datasets
that can be used in the way envisioned above.

3. Supporting the development of
compositional semantic
representations

In this section, we present our application for sup-
porting the development of compositional seman-
tic representations via DBA using XLE+Gilue re-
sources. For this, our system provides possibilities

13). They are combined to

to inspect and explore individual analyses and to
perform regression testing, which allows for scal-
ing up of the semantic parsers developed in this
system. Before describing the system, we briefly
discuss the underlying formal modeling.

3.1. Linguistic representations

XLE+Glue procedurally provides semantic pars-
ing based on LFG. However, it also provides a
formal representation of the form-to-meaning map-
ping, linking several linguistic annotation layers
containing different levels of linguistic information,
for example, c(onstituent) structure, f(unctional)
structure, and s(emantic) structure. We uniformly
store these different layers as interconnected or
layered graphs (see Figure 2). Each graph is asso-
ciated with a grammar and a sequence of rewrite
(DBA) rules used to produce the graph. Thus, they
are essentially a way of representing LFG’s pro-
jection architecture (e.g., Asudeh 2006). Using a
uniform graph format allows the representations
to be easily extended with additional annotations
(also inspired by, e.g., [de and Bunt 2010). How-
ever, layered graphs can become very complex
(see Figure 9). Thus, modularizing the ways of
interacting with them is crucial and a goal of the
present system.

To use our representations for NLI, we trans-
late the semantic representation into the TPTP
format for first-order logic (Sutcliffe et al., 2006),
conjoining multiple premises to a single premise.
Additional axioms and meaning postulates are
added if necessary. We then use the Vampire
theorem prover (Kovacs and Voronkov, 2013) to
derive consistency and informativity labels, which
are heuristically mapped onto NLI labels (YES, NO,
UNKNOWN). This is explained in detail in Zymla
et al. (2025b).
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Figure 2: A schematic layered XLE+Glue graph: The graph illustrates an XLE+Glue analysis of the
sentence Sam loves herself. Teal and green correspond to LFG’s c(onstituent)- and f(unctional)-structure.
Orange is the semantic composition graph, and red corresponds to s(emantic)-structure. The DRT
representation is given in blue, and additional axioms are stored in a set associated with the purple node.

3.2.

Our application provides three different views: a
view for the individual analysis of the mapping from
syntactic input to semantics, a view for exploring
(NLI) testsuites, and an explorative chat view for
testing the NLI component qualitatively (see Zymla
et al. 2025b). Here, we focus only on the first
two as novel contributions we make to the sys-
tem. Each view consists of multiple components
that can be independently hidden, allowing users
to focus only on particular tasks (e.g., designing
rules, disambiguation of semantic representations,
or debugging).” The individual view consists of two
major components: a view for writing DBA rules
and a view for inspecting Glue proofs, which act as
user interfaces for LIGER and for the GSWB, re-
spectively (see Figures 9 and 10 in the appendix).

The DBA view provides an editor window with
syntax highlighting and visualizes the result of an
annotation in an interactive graph window (a sam-
ple graph is displayed in Figure 1). During the
derivation, all applied rules are collected in a list
(i.e., a rule history), which is then displayed in the
applied rules view (see Figure 3). Here, we provide
the functionality to reapply rules incrementally to
see how they affect the derivation. This serves the
design and debugging of DBA rules in context. A
common use of this view is to ascertain that rules
are properly contextualized, meaning that rules

Individual analysis interface

"Comprehensive figures are provided in the appendix.
In the paper, we only present aspects that have not been
introduced elsewhere.

#e UPOS VERB & #e LEMMA %L ==> #e SEM #s & #s CLOSURE #c & #s GLUE [/e_v.%l(e)] :
& #c GLUE [/P_<v,t>.Ee_vI[P(v)]] : ((#s_v -o #s_t) -o #s_t) || noscope.

Calculate graph at rle: 0 (line 6)

#e NSUBJ #a & #e SEM #v ==> #a SEM #5 & #V ARGL #b & #b GLUE [/P_<v,t>. [/x_e. [/e_v.(argl(e,x) \&
P(e))11] : ((#v_v -0 #v_t) -0 (#s_e -0 (#v_v -0 #v_t))) || noscope.

Calculate graph at rule: 1 (line 10)

#e OB) #a & #e SEM #v ==> #a SEM #s & #v ARG2 #b & #b GLUE [/P_<v,t>.[/x_e.[/e_v.(arg2(e,x) \&
P(e))]]] : ((#v_v -0 #v_t) —o (#s_e -o (#v_v -0 #v_t))) || noscope.

CIITIIITETD 2D

‘#n UPOS NOUN & #n LEMMA %1 & #n SEM #s ==> #s GLUE [/x_e.%l(x)] : (#s_e —o #s_t).

#d DEFINITE Ind & #d ~(DET) #n SEM #s & #n ~(%) #p SEM #q ==> #d SEM #t & #t GLUE [/P_<e,t>.
[/0_<e, t>.Ex_e[P(x) \& Q(x)11] : ((#s_e -0 #s_t) -0 ((#s_e -o #q_t) -0 #q_t)).
Calculate graph at rule: 7 (line 30)

#d UPOS 'DET' & #d LEMMA every & #d ~(DET) #n SEM #s & #n ~(%) #p SEM #q ==> #d SEM #t & #t GLUE
[/P_<e, t>. [/0_<e, t>.Ax_e[P(x) —> Q(x)]1] : ((#s_e -0 #s_t) -0 ((#s_e -0 #q_t) -0 #q_t)).

Calculate graph at rule: 9 (line 37)

(#s_v -0 #s_t)

Figure 3: Applied rules view (individual): This
view lists rules in the order they have been applied.
It allows users to inspect the behavior of individual
rules by calculating intermediate annotations.

interact with each other as anticipated. As DBA
rules are processed sequentially, they (sometimes)
form application chains, i.e., a sequence of rules
where the output of a previous rule is required for
the input of a subsequent rule. Wrongly modifying
arule in such a chain can easily break the whole
analysis. Thus, the rule history helps track applica-
tion chains, but also indicates whether individual
rules have been applied as intended.

The Glue view presents the results of the DBA
annotation in terms of added meaning constructors.
It is also the main interface to the GSWB, which is
used for calculating the semantic derivations. Cor-
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Figure 4: Discriminant view: Displays the results
of a semantic composition, allowing users to disam-
biguate its results using two types of discriminants
to filter out solutions that do not match them.

respondingly, it visualizes these derivations, such
that they are represented as a graph or in a nat-
ural deduction format (Zymla et al., 2025a). For
this paper, we added a discriminant component to
this view that allows users to systematically disam-
biguate analyses. Figure 4 presents an example
based on the following sentence:

(2) Every man who likes a challenge found ev-
ery monkey with a telescope.

As indicated in the Figure, our parser produces
twenty-seven solutions for this sentence, permit-
ting all possible scopings between the different
quantifiers as well as different interpretations of
the prepositional phrase. The sentence is disam-
biguated to a reading where each man uses a
possibly different telescope to find all the monkeys.
First, we use the MC discriminants that indicate
differences in the used meaning constructors for
different solutions to only pick solutions where the
telescope is used as an instrument, i.e., is asso-
ciated with an event variable. Furthermore, we
ensure that the relative clause is interpreted locally
as its scope is fixed (partially) syntactically. Then,
we can use scope discriminants to fine-tune the
scopings between the individual quantifiers that are
determined semantically to arrive at the desired
semantic representation.

As the name suggests, MC discriminants are
calculated based on different sets of meaning con-
structors that can be produced by a grammar for a
given sentence. However, each set may still corre-
spond to multiple solutions. Thus, these discrimi-
nants provide a less granular separation of results,
whereas scope discriminants are calculated during

the derivation for each individual solution, mak-
ing them more fine-grained. After the derivation,
equivalence classes for all potential discriminants
are calculated to reduce the total number of dis-
criminants. Sometimes, the same scope-taking
operator may be instantiated differently in a dif-
ferent meaning constructor set, which can lead
to malformed discriminants. Thus, we impose a
disjointness condition on discriminants, such that
each discriminant is uniquely applicable.

The discriminants behave commutatively, such
that individual decisions are not dependent on
each other. However, we keep track of choices to
make uninformative discriminants unavailable dur-
ing the selection process, allowing users to quickly
reduce the number of readings. Importantly, this
system not only allows for the reduction to a sin-
gle solution but also provides finer control over
which ambiguities should potentially be retained
for a given derivation.

3.3. Resolving discriminants for NLI

We provide two different inputs for regression test-
ing: i) sentence-based items and inference-based
items, where inference-based items consist of a
list of premises, a conclusion, and a gold label (il-
lustrated in Figure 6). For both, we provide a list
view for inspecting individual results, highlighting
failed parses and NLI label mismatches. Further,
sentences can be disambiguated using the discrim-
inant view. This can be essential for eliminating
uncertainty in NLI testing and is accordingly imple-
mented as a human-in-the-loop process (similar, in
spirit, to He et al. 2016). Consequently, the seman-
tic parsing process can be paused after semantic
composition to select discriminants. The following
paragraph explains the need for this.

Figure 5 shows an inference result based on am-
biguous inputs. It is based on example (3). There,
multiple quantifiers and negation lead to a number
of different possible interpretations.

Every boxer with an injury lost a fight.

(3) A boxer with an injury did not lose a fight.
— NO

Without any constraints on quantifier scope, the
first sentence has five solutions and the second
sentence has eighteen solutions, leading to ninety
different possible inferences. As can be deduced
from Figure 5, many of these boil down to spuri-
ous ambiguity, but even categorically, the correct
prediction of a contradiction represents a minority
across the potentially resulting inferences. Thus,
the correct prediction crucially requires human in-
tervention for the given parser.?

8This also hinges on pragmatic factors that are diffi-
cult to completely capture in a purely formal setting. This
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Figure 5: Inference output for ambiguous analyses
based on example (3). The glyphs encode the re-
sults of a single potential inference and are based
on consistency (C) and informativity (l) checking.
Out of the nine shown possible results, only one
(top center) correctly predicts the contradiction.

3.4. Regression testing output

Parsing and inference results are summarized in
overview reports. These reports contain informa-
tion about the number of successful and failed
parses and an accuracy overview regarding the
NLI labeling (i.e., entailment, neutral, contradic-
tion). This is visualized in an interactive confusion
heatmap, which allows users to select classes, re-
vealing the items associated with the correspond-
ing predictions in blue (see Figure 6), facilitating
error analysis.

In addition to inspecting and disambiguating
items, we also extend this view with a visualiza-
tion for DBA behavior across a testsuite. For each
sentence, we calculate the application path (re-
gardless of whether rules are dependent on each
other or not). There, each rule corresponds to a
node, and two nodes are connected if they are ap-
plied directly after one another. The global applied
rules graph aggregates those paths into a single
directed graph that highlights the complexity of the
underlying annotation rules by highlighting disjunc-
tions in the rule application. For example, in Figure
7, which is based on tense aspect rules, the com-
plexity is fairly limited, mainly marking distinctions
between past, present, and future tense at the top
of the graph and aspectual distinctions between
perfective and imperfective in the middle of the
graph. The lower part of the graph is a little more
complex as it further contextualizes some of those

is discussed in more detail in section 4.

Premises:

1. A Swede won a Nobel prize.

2. Every Swede is a Scandinavian.
Conclusion:

A Scandinavian won a Nobel prize.
Gold: Entailment (1)

Pred: Entailment (1)

Premises:

1. All boxers are slow.

2. Butch is a boxer.
Conclusion:

Butch is not slow.

Gold: Contradiction (-1)

Pred: Neutral (0) — mismatch

Hide parsing resu
Inference results summary:

rediction ratio: 1 (1 of 1)
Succes: diction ratio: NaN (0 of 0)

Entailment Neutral Contradiction
1 0 -1

Entailment 1 o o
1 50.0% 0.0% 0.0%

Neutral o o ]
0 0.0% 0.0% 0.0%

Gold \ Pred

Contradiction o 1 [
-1 0.0% 50.0% 0.0%

Figure 6: Interactive confusion matrix: Individual
items are presented at the top. Mismatches in the
NLI labeling are highlighted in red. In the confu-
sion heatmap, classes can be selected to highlight
individual items in blue accordingly.

features (Zymla, 2024). Edges in the graph are
associated with the sentences in the correspond-
ing testsuite that pass through these paths. This
is particularly useful when a testsuite is extended
without prior individual testing. Furthermore, this
view visualizes whether the rule set matches the
syntactic input, as dangling nodes indicate rules
that have not been applied, and which are, thus,
not useful to the current testsuite.

3.5. Implementation

The present architecture was first described in
Zymla et al. (2025b). As illustrated in Figure 8,
the system spans two Java modules (LIGER and
the GSWB) and a Python module that serves as
an interface to the Vampire theorem prover. For
the present paper, LIGER is extended to keep track
of rule application paths during the annotation pro-
cess and to calculate the corresponding histories
and graphs. The GSWB is extended to calculate
the different kinds of discriminants, described in
the previous section. Furthermore, the Vampire
interface is extended to permit batch processing.
Finally, the frontend, which visualizes these compo-
nents, is written in Angular and extended to present
the newly added data structures.

All components are deployed as modular Docker
containers. To use the system, a syntactic parser
must be interfaced. We provide such an interface
for the XLE, which is integrated natively as part
of LIGER. Furthermore, we provide an external
interface to UD by virtue of an additional Docker
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Rule 3: #a TNS-ASP #b TENSE 'fut' & #a s:: #c TEMP-
REF #d & #d T-REF 'undefined' ==> #d T-REF 'future’ &
#d CHECK ™. at line: 14

4
A woman will visit the cinema.

Figure 7: Rule application view (testsuite): This view captures the behavior of DBA rules across a
testsuite. In the graph, each node corresponds to a rule, and each edge indicates which rules feed into
each other. Hovering over nodes reveals the corresponding rules, and hovering over edges reveals which
sentences follow the corresponding rule application path. The coloring of the nodes indicates the position

of a rule in the sequence of all rules.

-~

t andwep i:ﬁ‘,

DBA-rules

Grammar

Individual Testsuite
analysis ‘ analysis ’ ‘ ik ’
Frontend g Z

Figure 8: System architecture: LiGER is used
to apply DBA-rules to a grammar. The resulting
semantic annotations are passed on to the GSWB
to resolve the compositional semantics. Both of
these steps are visualized as part of the individual
analysis, as well as the testsuite analysis, which
optionally also takes reasoning with Vampire into
account. The chat provides an explorative testing
environment for the reasoning component.

container hosting an instance of the Stanza depen-
dency parser (Qi et al., 2020).

4. Task-driven semantic parsing

There are good reasons to eschew formal seman-
tic parsing in NLP applications, as maintenance

is tedious and the systems are often still brittle.
Furthermore, a one-fits-all broad coverage seman-
tic parser is unlikely to be feasible, as we explain
in more detail below. This may also have been
a factor that led to the development of modular
annotations such as those by the interoperable se-
mantic annotation effort (ISA; Bunt 2015). In this
section, we present some considerations regarding
the question of how to approach formal semantic
parsing from a research-driven computational lin-
guistics perspective.

First, we propose to adopt ISA’s “crystal growth”
strategy to semantic annotation as the basis for
developing formal semantic parsers. This is also
more in line with formal semantic theory, which
provides highly consistent analyses locally but of-
ten relies on approximate consistency in a broader
context, such that interactions between unrelated
phenomena are not always explicitly tested (but
are testable). As an example, consider the classic
modus ponens inference in (4).

A Swede won a Nobel Prize.
Jx, y[sw(z) A prize(y) A win(z,y)]
Every Swede is a Scandinavian.
(4)  Va[sw(z) - Jy[sc(y) n z = y]
A Scandinavian won a Nobel Prize.
Jx, y[sc(x) A prize(y) A win(z,y)]
— YES

This inference falls out naturally from the interac-
tion of the quantifiers and the identity predicate
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be. However, adding, for example, semantic in-
formation about tense and aspect makes a formal
analysis of the inference disproportionately more
complex, as it would require an appropriate analy-
sis of the persistence of states compared to events
and how this interacts with tense and aspect. This
would further require the design of additional ax-
ioms about temporal logic, also changing the in-
ference process. A similar observation is made
in Zymla et al. (2025b), who introduce a degree
semantics inspired by Haruta et al. (2022) to deal
with comparatives. This requires concessions dur-
ing automated inference, as different proof search
strategies are required compared to an example
like (4) (without tense and aspect).

4.1. Building a foundation through
interoperable semantic parsers

An interoperable approach advocates for first de-
veloping rules and testsuites, covering diverse phe-
nomena (such as the ones mentioned above) in
isolation but also in detail; however, with a shared
set of assumptions about how to design annota-
tions, allowing annotations of different phenomena
to interact. For us, the common core is provided by
Glue semantics and description-by-analysis, build-
ing on more general aspects of formal semantics.®

An interoperable semantic parser then consists
of a (syntactic) grammar, a set of DBA rules provid-
ing semantic annotations, and a domain of testing.
Given this approach, we can treat each pair of
rules and test cases as building blocks for more
comprehensive rule sets. The current system al-
lows users to easily put building blocks together to
investigate whether they provide a stable founda-
tion for exploring more complex cases. Consider,
for example, (5) which combines temporal and com-
parative semantics. If the individual building blocks
are engineered properly, the analysis is expected
to fall out compositionally when they are combined:;
however, if not, we can use the tools presented
here to revise the individual building blocks and
their interactions by investigating which rules break
or stand in conflict with one another. We can also
explore the emergence of unwanted ambiguities or
other interactions that may obfuscate the reason-
ing process. Regression testing ensures that the
arising more complex rule sets remain stable when
introducing new phenomena and allows us to keep
track of where the foundation may be weak and in
need of revision.

9Furthermore, we assume a shared core grammar
for syntactic analysis (e.g., an XLE grammar or a UD
parser), but this is a design decision rather than a re-
quirement of our approach.

Yesterday, Sam was faster than Jordan.

Today, Jordan is faster than Sam.

Sometimes, Sam is faster than Jordan.
— YES

(5)

4.2. Exploring inference

While this remains to be tested, we hypothesize
that stacking more and more rule sets on top of
each other leads to less and less precise inference.
This matches what we observe during develop-
ment as grammars become more complex: i) more
ambiguities are introduced, and ii) the proof search
is more likely to time out (this is already observ-
able for “simple” extensions like the one presented
in Zymla et al. 2025b). Thus, an interoperable ap-
proach may give us further insights into how to best
constrain semantic parsing to deal with particular
inferences.

4.3. The trade-off between complexity
and informativity

Formal semantic representations present a trade-
off between complexity and informativity. More pre-
cisely, they focus on encoding certain entailments
predicted by a given analysis, while leaving others
unspecified. Thus, formal representations are, in a
sense, fragmentary, only providing a partial picture;
however, they still provide a precise view of certain
reasoning patterns. They are distillates of aspects
of natural language semantics.

On the one hand, this view seems sensible
enough; however, on the other hand, in this view,
formal semantic representations are prescriptive,
capturing exactly those meanings we allow them
to. This is why a task-driven approach to semantic
parsing is so essential: only if we compare the
output of our parsers to empirically grounded in-
ference judgments can we ensure that semantic
representations serve as falsifiable instantiations
of linguistic theory. (We are, of course, not alone
in this, see, e.g.: Haruta et al. 2022; Pulman 2018;
Funakura et al. 2025).

Another point where we depart from currently
popular methodologies in semantic parsing is that
not all analyses should be fully disambiguated (cf.
Abzianidze and Bos 2019). This is due to the fact
that ambiguity may inform the annotation of NLI
labels, particularly the neutral label, which can be
most appropriate if a given sentence has two inter-
pretations that lead to conflicting NLI labels during
inference. This is another point where ambigu-
ity management serves as a way of calibrating
the boundary between logically and pragmatically
driven inference.

If the output of a semantic parser is to be com-
pared to empirically tested data, inferences should
be tested under similar conditions, which also
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paves the way for testing novel hypotheses such as
the interaction between compositional ambiguity
and inference. There, discriminant-based disam-
biguation enables us to separate spurious ambi-
guities from meaningful ambiguities, and it allows
us to constrain meaningful ambiguities further. Es-
sentially, we are not arguing for fully automated se-
mantic parsing but rather for linguistically motivated
and testable semantic parsing that bridges com-
putational and formal methods. Given the overall
approach to semantic parsing based on empirical
adequacy that we advocate for, we, thus, also pro-
vide the foundation for exploring more fine-grained
linguistic predictions computationally.

5. Limitations

We already mentioned some of the well-known lim-
itations of formal approaches to semantic parsing.
Furthermore, we have explained that NLI based
on theorem proving can become computationally
expensive as ambiguities grow and inferences be-
come more reliant on more complex logics (e.g.,
temporal logic, degree logic). This can also result
in long processing times when using the system.

Working with formal semantic parsers and, par-
ticularly, the process of disambiguation requires a
certain level of competence in formal semantics.
This alone can be seen as problematic, as there
is a large strain of NLI work that argues that hu-
mans do not always reason logically, and that NLI
labels should originate not from experts but from
an empirically representative sample of annotators
(see Manning 2006 for discussion). However, as
addressed in the paper, we share the thought that
NLI labels should be empirically motivated, and it
stands to reason that at least some reasoning pro-
cesses are best approximated by a logical system.
However, this requires extensive testing of the kind
of semantic parsers for which the tools here are
envisioned.

The tools have been tested using XLE+Glue
(Zymla et al., 2025a) during development. The cor-
responding GitHub page (see fn. 3) provides corre-
sponding test sets based on Zymla et al. (2025b);
however, they are limited in scope. Thus, while the
tools have been tested for overall soundness, more
detailed empirical testing remains for future work.

6. Conclusion

In this paper, we have presented a system that
supports the development of task-driven formal
semantic parsing at a larger scale by allowing for
individual and regression testing. The focus of this
system lies on LFG’s description-by-analysis Glue
approach, which provides a flexible and portable
way to design meaning representations.
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Furthermore, we discuss the role of such mean-
ing representations and come to the conclusion
that they are best observed in the context of au-
tomated reasoning, or NLU tasks more generally,
because then they establish a firm connection be-
tween formal and computational linguistics and
allow for the exploration of testable predictions.

We highlight a number of potential future direc-
tions with respect to this connection. Importantly,
we suggest that an interoperable approach to se-
mantic parsing is most likely to be promising. How-
ever, this comes with the caveat that a computa-
tional system must also be able to decide how to
analyze a given problem. Thus, the present tools
work best as a human-in-the-loop system, such
that human experts produce meaning representa-
tions interactively.
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A. Appendix: Ul figures

Test sentence:

A reporter said that a man found every monkey with a telescope.

[10:50:21] Parsing successful..

Exroct mut e

Currently loaded grammar: ./grammars/fracas_inference_grammar/main_fracas_grammar.Ifg.glue

Input rules:

11 //Tier 1 rules
12 #a TNS-ASP #b TENSE 'past' & #a s:: #c TEMP-REF #d & #d T-REF 'undefined' ==> #d T-REH
13 #a TNS-ASP #b TENSE 'pres' & #a #c TEMP-REF #d & #d T-REF 'undefined' ==> #d T-REF
14 #a TNS-ASP #b TENSE 'fut' & #a s:: #c TEMP-REF #d & #d T-REF 'undefined' ==> #d T-REF

17 //Tier 2 rules

18 //SOT rule

19 #a T-REF 'past' &

20 #a "‘(TEMP—REF>5::>CBMP) #b & #b !(s::>TEMP-REF) #c T-REF 'past'

> #a T-REF 'non-futur

22 //Present counterfactual
23 #a T-REF 'past' &

24 #a ~(TEMP-REF>s::>0BJ>in_set>ADJUNCT) #b & #b VTYPE 'medal' & Y
Hide input rules
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Rule list:

#a TNS-ASP #b & #a s:: #c SIT #d & #c EV #v ==> j#c TEMP-REF #e & #e T-REF 'undefined' & #d GLUE
lam(V, lam(S, lam(E,merge(drs([], [rel(partOf,E,S)]),app(V,E})))) : ((#v_v -0 #v_t) -o (#d_s -o

Calculate graph at rule: 0 {line 7)

‘#a TNS-ASP #b TENSE ‘'past' & #a s:: #c TEMP-REF #d & #d T-REF 'undefined' ==> #d T-REF 'past' &
#d CHECK ‘'-'.

Calculate graph at rule: 1 {iine 12)

#a T-REF 'past' & #a ~(TEMP-REF>s::>COMP) #b & #b !(s::>TEMP-REF) #c T-REF 'past' ==> #a T-REF
'non-future'.

Calculate graph at rule: 4 (line 22)

Figure 9: Description-by-analysis view: This view allows viewing of the specified DBA rules and
the resulting annotated graph (here, the graph contains c-structure, f-structure, and semantic struc-
ture).Furthermore, it provides access to the history of applied rules.
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Meaning constructors:

19 lam(X,drs([], [pred('man',X)])) : (20_e o 20_t)

(
20 lam(P,lam(Q,merge(drs([X],[]),mergelapp(P,X),app(Q,X))))) : ((20_e o 2@_t) o ((20_e |
21 lam(V,lam(X, lam(E,merge (app(V,E),drs([], [rellargl,E,X)]))))) = ((23_v o 23_t) o (20_e
22 lam(P,lam(S, lam(V,merge(app(P,V),drs([], [cont(V,S)]))))) & ((32_v -0 32_t) -0 (24_t o
23 lam(V,merge(drs([E], []),app(V,E))) : ((32_v -0 32_t) -0 31_t)
24 lam(P,lam(Q,merge(drs([X], []),merge(app(P,X),app(Q,X))))) + ((29_e -0 29_t) o ((29_e

25 lam(P,lam
26 lam(U,lam

Q,drs([], [imp(merge(drs([X], [1),app(P,X)),app(Q,X))]1))) « ((15_e -0 15_t) -o
V,lam(E,merge(drs([],[]),mergelapp(U,E),app(V,E)))) )} + ((23_v -0 9_t) -0 ((2

27 lam(P,lam(Q,merge(drs([X],[]),mergelapp(P,X),app(Q,X))})) : ((8_e —o 8_t) -0 ((8_e -0 3

28 lam(X,drs([], [pred('monkey",X)])) : (15_e -0 15_t)

29 lam(P,P) : (22_t —o 24_t)

30 lam(V,drs([], [pred(find,V)])) : (23_v -0 23_t)

31 lam(V,lam(X, lam(E,merge(app(V,E},drs([],[rellarg2,E,X)]1))))) ¢+ ((23_v -0 23_t) -0 (15_e

32 lam(V,lam(X, lam(E,merge(app(V,E},drs([], [rellargl,E,X)]1))))) ¢+ ((32_v 0 32_t) o (29_e

33 lam(P,P) : (31_t o 33_t) y7
Settings:
Prover: Output Style:
v v
[C] Parse Semantics Beta Reduce
Resolve DRS [T Explanation
[ Debugging Natural deduction style:

[11:18:44] GSWB deduction completed.

Semantics:

D 1/10uor7s (ELD

1 drs([_969404,_982870,_996158,_1003106,_1008734], leq(_29694@4,now) ,rel(before, _982870,_96
2
3
4 | x11 x1@ x8 x9 x1 |
5 |
6 | x11 = now |
7 | before(x1@,x11) |
& | bounded(x8,x10) |
9 | reporter(x9) |
10 | partOfi(x1,x8) |
11 | say(x1) |
12 | arglix1,x9) |
13| |
14 | | x7 x6 x4 [
15 | I 11
16 |econt(x1,| nonfut(x7,x8) 1]
17| | bounded(x6,x7) I 1
18 | | man(x4) I 1
19 | I 11
20 | [l x2 | | x5 x3 [
21 | [ | | [
22| | | monkey(x2) | ==> | telescope(x5) | | |
23 | |1 | | part0fix3,x6) | | |
24 | | | with(x3,x5) 11|
25 | | | find(x3) 11|
26 | | | argl(x3,x4) 111
27 | | | arg2(x3,x2) 111
28 | I | Il
29 | I [
30 | |
Z
Scope discriminants @ MC discriminants @

(8_t - {22_t - 22_t)) < (9_t - (23_t - (23_v - 23_g)) lam(P,lam{Q,merge(drs([X],
[ merge(spp(PX)3pp(Q.X) - ((20_e - 204 -
{(20_e - 22 1) - 22 1))

lam{U,lam({V,lam(E,merge(drs([],
I]).mlr!:{‘IPPIU \E)app(V.E))) : ((23_v -9_9) -

23 v - 23_t) - (23_v - 23_1)))

lam(P,lam(Q.drs({[],[imp{merge(drs{[X],
.20 0\ pp@ DN : (160 - 16.9 - {(15_e -

Figure 10: Semantic composition view: This view presents the meaning constructor sets available for a
given sentence at the top and the resulting derivations at the bottom, which can be filtered using scope
and MC discriminants. This view can be further extended to include information about the derivation.
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