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Abstract

Converting natural language text into structured, logically coherent knowledge graphs (KGs)
enhances the ability to retrieve, organize, and analyze vast amounts of information at scale.
This paper introduces Text2AMR2FRED, a text-to-KG pipeline that converts multilingual
natural language text into logically coherent, interoperable KGs. Designed to support large-
scale information retrieval and knowledge extraction, this pipeline addresses key limitations
of existing semantic parsers and machine readers, including issues with logical consistency
and interoperability. By adhering to Semantic Web standards, Text2AMR2FRED system-
atically structures text-based information and enhances it through integration with external
knowledge sources, delivering enriched, semantically sound KGs ready for diverse appli-
cations. We obtain the output KGs by leveraging Abstract Meaning Representation (AMR)
as an intermediate semantic parsing formalism, exploiting the progress achieved by text-
to-AMR parsers employing pre-trained language models. We produce a manually validated
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KGs bank created by transforming a dataset of natural language sentences into KGs using
Text2AMR2FRED and applying an intrinsic evaluation method that leverages Open Knowl-
edge Extraction motifs.

Keywords Knowledge graphs - Abstract meaning representation - Natural language
processing - Semantic frames

1 Introduction

Converting natural language text into structured, logically coherent knowledge graphs (KGs)
enhances the ability to retrieve, organize, and analyze vast amounts of information at scale [1].
By transforming unstructured text into a network of interconnected entities and relationships,
KGs enable more efficient and accurate information retrieval, facilitate advanced semantic
queries, and support deeper insights from large text corpora [2]. This process bridges the
gap between human language and machine-readable data, making it a critical tool for natu-
ral language processing (NLP), Al-driven applications, and decision-making systems across
various domains. The NLP and Semantic Web (SW) communities have invested substantial
efforts in developing text-to-KG pipelines [3-5]. The NLP community, in particular, has
leveraged advancements in machine learning (ML) and neural networks (NNs) to enhance
semantic parsing and understanding. By incorporating these sophisticated models, NLP has
significantly improved the extraction of structured knowledge from unstructured text. Mean-
while, the SW community has focused on formalizing the representation of knowledge
and ensuring its interoperability across different domains. The integration of these fields
is driving innovation in automated knowledge extraction, paving the way for more intel-
ligent and context-aware systems. Graph-based semantic parsing has garnered significant
attention, largely due to its potential to provide general-purpose, interpretable representa-
tions of meaning, such as abstract meaning representation (AMR) [6]. AMR, in particular,
offers a graph-structured format that captures the semantics of entire sentences by abstract-
ing away from surface linguistic variations, enabling more uniform and flexible knowledge
extraction. This approach allows for deeper semantic understanding and alignment across lan-
guages and domains, making it a powerful tool for tasks ranging from machine translation to
information extraction and reasoning within KGs [6]. Text-to-AMR transduction, leveraging
neural machine translation and sequence-to-sequence (seq2seq) models, has demonstrated
promising results in various domains [7]. Notable advancements include English-centric
AMR parsing models, such as SPRING [8] and transition-based AMR parsing [9], as well as
multilingual [10] and multi-formalism approaches like SGL [11]. Despite these successes,
neural semantic parsers face significant challenges when it comes to making the extracted
knowledge interoperable and practically usable. A key obstacle is the fragmentation of dif-
ferent formalisms, often referred to as “balkanization” [12], which hinders the integration
of diverse semantic representations. Additionally, the lack of rigorous logical consistency in
neural models further complicates the exploitation of the extracted knowledge in downstream
tasks, limiting its applicability in more structured and logic-dependent systems.

The SW provides mechanisms to formally represent extracted knowledge using inter-
operable ontologies, facilitating knowledge augmentation with heterogeneous knowledge
bases (KBs) and enabling alignment with other ontological frameworks. This ensures that
knowledge from diverse sources can be integrated, reused, and extended in a coherent and
standardized manner. Tools like the SW machine reader FRED [5] take advantage of these

@ Springer



Text2AMR2FRED, converting text into RDF/OWL Knowledge... Page 3 of 31 47

standards by formally interpreting the extracted information as logical axioms using ontol-
ogy design patterns [13], and encoding them with SW protocols such as RDF and OWL.
The resulting KGs allow for the exploration, retrieval, and reasoning over facts extracted
from heterogeneous text corpora through structured queries (e.g., SPARQL). Furthermore,
by aligning these KGs to other ontologies and knowledge resources, it becomes possible
to enrich and expand the KB, supporting applications such as data interoperability, knowl-
edge discovery, and advanced semantic querying across multiple domains. This alignment
supports the discovery of explicit knowledge that would otherwise remain hidden within
unstructured texts, revealing deeper insights and facilitating advanced reasoning. However,
FRED’s reliance on complex NLP pipelines presents significant challenges. These pipelines
are often cumbersome, difficult to maintain, and lack flexibility, making them unsuitable for
scaling in multilingual and diverse linguistic contexts.

To address these limitations, this paper introduces Text2AMR2FRED, a new architec-
ture for transforming natural language into OWL-compliant RDF KGs. Unlike the original
FRED pipeline, which directly converted text to RDF using rule-based NLP components,
Text2AMR2FRED adopts a two-step approach: it first uses state-of-the-art, end-to-end neural
AMR parsers to generate abstract semantic graphs, and then applies a custom transformation
layer that maps AMR structures to RDF triples, enriched with semantic properties and onto-
logical links. While inspired by the design and semantics of FRED, our approach does not
pass AMR graphs directly into FRED. Instead, it implements tailored post-processing rules
to produce FRED-style structured representations from the output of AMR parsers.

Although AMR and RDF are both graph-based representations, they differ fundamentally
in their purposes and semantics. AMR is a surface-level semantic representation aimed at
human interpretability, whereas RDF, especially when combined with OWL, offers a formal
semantics grounded in model theory. A naive transformation of AMR into RDF triples would
simply reify the graph structure without enabling formal reasoning or interoperability with
other KBs.

Our approach goes beyond such syntactic conversion. It provides a formal model-theoretic
interpretation of AMR by mapping it into a structured RDF/OWL ontology. This enables
logical inference, semantic integration, and compatibility with linked data principles, making
AMR content usable in knowledge-driven applications.

Therefore, this architecture mitigates the typical error propagation found in component-
based NLP pipelines and benefits from AMR’s abstraction over lexical and syntactic variation,
enabling more generalized and robust semantic representations without relying on data aug-
mentation strategies such as lexical substitution [14, 15]. The result is a more scalable and
consistent pipeline across different domains and text types.

Our approach introduces multiple knowledge modeling advancements that go beyond
traditional NLP pipelines. Specifically:

e High-quality RDF KG construction from text is achieved via the combination of AMR
parsing and a custom transformation layer that maps AMR structures to RDF triples,
inspired by the design and semantics of FRED, which is rooted in cognitively founded
frame semantics and ontology design patterns (ODPs).

e Explicit linking to external and public semantic resources (e.g., DBpedia, WordNet,
FrameNet, and DOLCE-based ontologies) ensures interoperability and reuse, which are
key principles in knowledge engineering.

e Support for automated reasoning and entailment, made possible by the formal nature of
the generated graphs and their alignment with SW standards (e.g., OWL and RDFS).
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e Anovel role of KGs as grounding structures for generative Al as discussed in [16], where
such graphs are used to guide or constrain language generation, a shift from traditional
use, concentrating on querying or inference.

Furthermore, Text2AMR2FRED benefits from the multilingual capabilities of modern
AMR parsers, allowing our architecture to support multiple languages and enabling cross-
linguistic knowledge extraction, an important step beyond the original FRED system, which
was limited to English. While our method is designed to be language-agnostic, enabling
users to apply it to different languages, assuming a suitable AMR parser is available, direct
comparisons in multilingual settings are currently infeasible. This is due to the lack of gold-
standard benchmarks and the fact that no other publicly available systems, to the best of our
knowledge, perform the same task of converting natural language text into OWL-compliant
RDF KGs with comparable semantic depth and ontological grounding. Existing alternatives
either lack the semantic expressivity of FRED or do not target RDF generation. As such,
we limited our comparison to FRED, the most relevant baseline in terms of design and
intended output, even though it relies on a different pipeline. Despite these limitations, our
system’s extensible architecture encourages experimentation across languages and facilitates
the integration of multilingual resources into the SW.

In detail, our contributions in this paper are the following:

e We present Text2AMR2FRED, a pipeline that transforms natural language into
RDF/OWL KGs by combining neural AMR parsers with a custom AMR-to-RDF trans-
formation layer that models semantic relations inspired by FRED;

e We support multiple languages, submitting text to neural parsers such as SPRING (for
English) and USeA [17] (for other languages). These generate AMR graphs grounded in
PropBank frames' and formalized in the Framester [19] linguistic KG;

e We enrich the resulting KGs via post-processing techniques, aligning AMR-derived RDF
triples to external KBs like DBpedia,2 Wikidata,? and VerbAtlas.* Word Sense Disam-
biguation (WSD) is performed using EWISER,’ linking AMR nodes to WordNet synsets
and semantically typed OWL properties. All reused resources are either formalized in
Framester or mapped to it;

e We present a publicly accessible web application® and corresponding APIs. Users can
input text, view AMR graphs, and convert them to enriched RDF/OWL, with options
to customize outputs (e.g., enable/disable enhanced entity linking with the specialized
model BLINK [20], select serialization formats);

e Weintroduce an intrinsic evaluation methodology for KGs produced by Text2AMR2FRED,
using Open Knowledge Extraction (OKE) motifs [13], elementary graph patterns that
reflect standard logical constructs in the SW. This allows systematic comparison with
outputs from FRED and other tools;

e We release a manually validated KG bank,” built from natural language sentences pro-
cessed by Text2AMR2FRED and annotated using our evaluation method. This dataset
provides a valuable benchmark for future work on KG construction and assessment.

1 https://propbank.github.io/ [18].

2 https://www.dbpedia.org/

3 https://www.wikidata.org/wiki/Wikidata:Main_Page.
4 https://verbatlas.org/.

5 https://github.com/SapienzaNLP/ewiser.

6 https://arco.istc.cnr.it/txt-amr-fred/.

7 https://github.com/infovillasimius/amr2Fred/blob/master/text2amr2fred_result_evaluation.zip.
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The remainder of this paper is structured as follows: Section 2 reviews the related work
on machine reading systems and research leveraging AMR. Section 3 details the architecture
of the proposed tool, outlining its components and explaining the system’s workflow. In
Sect. 4, we present the evaluation process, describing the dataset we annotated, the systems
we tested, and the results we obtained, including an in-depth error analysis of the tested tools.
Finally, Sect. 5 concludes the paper, summarizing key findings and discussing potential future
directions for this research.

2 Related work

Machine reading [21] is a general paradigm of NLP focused on the automatic, unsupervised
understanding of text. Machine reading encompasses a number of solutions which are often
classified as open information extraction (OIE) [22] systems. The main goal of these solutions
is to extract frequent triplet patterns from extensive shallow parsing of textual corpora, to
build a large KB of triplets made up of text chunks. Early approaches to machine reading
based on OIE began with the Open Mind Common Sense project [23] and continued with
Never-Ending Language Learning [24] (NELL). The Open Mind Common Sense project
implemented a crowdsourcing and games-with-a-purpose tool to build a large, informal KB
of facts represented in triplet-based natural language. Instead, NELL is a learning tool that
has been processing the Web since 2010 to build a continuously evolving structured ontology
of identified entities and predicates from the acquired facts. Notable works that hybridize SW
with NLP are mainly focused on ontology learning and population (OL&P) task [25, 26].
Examples of such methods can be found in [27-30]. Most of these approaches are built on
machine learning techniques, making them typically data-intensive, requiring large corpora to
learn rules for automatic ontology construction. These rules are established through a training
process, which can be time-consuming. Other approaches to OL&P use either lexico-syntactic
patterns [31] or hybrid lexical-logical techniques [32]. Instead, FRED [5] is a state-of-the-art
formal machine reader that produces RDF graphs from text, which are (i) domain- and task-
independent, and (ii) designed according to the frame semantics [33] and ontology design
patterns [34].

Deep learning has significantly improved machine reading, specifically in the creation
of KGs. As an example, this trend is fairly evident by the number of works published in
workshop series like “Deep Learning for Knowledge Graphs™ [35] or “Deep Learning meets
Ontologies and Natural Language Processing” [36]. Deep learning has entered the space of
KG generation from text through specialized models that focus on individual tasks, such as
NER [37], EL [38], and RE [39]. Examples of similar systems are OpenNRE [40] for neural
relation extraction with limited Wikidata alignment, DeepKE [41] for NER, RE and attribute
extraction, and UIE [42] for unified text-to-structure generation across a broader range of IE
tasks (entities, relations, events, and sentiment extraction). These systems employ supervised
learning approaches: OpenNRE requires fine-tuning on labeled relation types for predefined
binary relations, DeepKE provides knowledge base population capabilities with predefined
schemas, while UIE handles entities, relations, events, and sentiment through schema-based
prompting. Semantic parsing strategies offer approaches that overcome the limitation of
using separate systems for individual tasks by providing unified semantic representations that
encompass broader recognition and disambiguation of entities and concepts of a sentence,
as well as their mutual relationships.
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Among those strategies, Text-to-AMR (i.e., Abstract Meaning Representation) semantic
parsing has proven well-suited for a wide range of engineering applications, as reviewed in the
recent survey by [7]. In particular, Text-to-AMR parsers based on neural machine translation
and sequence-to-sequence (seq2seq) models achieved excellent results both in scenarios
limited to English and AMR parsing, i.e., SPRING, transition-based AMR parsing [9], and
in multilingual [10] and multi-formalisms scenarios, i.e., SGL [11]. Text-to-AMR parsing
systems can be employed in text-to-KG generation scenarios with no further supervision.
However, semantic parsing output—AMR being no exception—is usually informal. It does
not comply with SW knowledge representation standards. Consequently, machine readers
for the SW pursue the objective of leveraging SotA semantic parsers while aligning their
output to knowledge representation best practices in OWL-compliant RDF KGs [43].

In recent years, the landscape of KG construction has undergone significant shifts with
the advent of LLMs and transformer-based approaches. For example, in the realm of KG
completion, Yao et al. [44] introduced KG-BERT, a model that leverages pre-trained lan-
guage models for predicting missing links in KGs. This approach treats triples as textual
sequences, enabling the application of BERT for KG tasks. Instead, the authors in [45] pro-
vide a comprehensive survey on generative information extraction using LLMs, highlighting
their capabilities in transforming unstructured text into structured knowledge representa-
tions. Similarly, in [46], the authors discuss the unification of LLMs and KGs, presenting
frameworks where LLMs enhance KGs and vice versa. Compared to these recent approaches,
Text2AMR2FRED offers a robust alternative that maintains formal semantics throughout the
pipeline. It achieves this by leveraging AMR graphs as intermediate semantic structures and
translating them into OWL-compliant RDF KGs aligned with resources like PropBank, Word-
Net, DBpedia, and DOLCE. This design enables formal reasoning, semantic querying, and
ontology alignment—capabilities largely absent in LLM- or transformer-based approaches.

Additionally, our approach aligns with and complements the emerging field of logic-
augmented and neuro-symbolic generation. The authors in [16] demonstrate the use of RDF
graphs generated by FRED as grounding inputs for LLMs, opening pathways for hybrid
neuro-symbolic Al. Building on this, the authors in [47] propose logic-augmented genera-
tion (LAG), a framework for injecting formal semantics into neural text generation tasks.
Text2AMR2FRED shares this vision by producing formally structured, ontology-aligned
KGs that can serve a similar role as input to neuro-symbolic pipelines. However, it extends
this approach by offering a multilingual, AMR-based pipeline that improves scalability, logi-
cal consistency, and semantic richness, thereby strengthening the foundation for downstream
tasks such as logic-augmented generation.

From a general perspective, AMR, which stands at the core of Text2AMR2FRED, offers
distinct advantages over OIE for KG creation. Automatic KG creation strategies based on
OIE, particularly when driven by LLMs, yield promising results with in-context learning.
However, they present additional challenges: similar approaches typically struggle to gener-
ate KB-grounded relations and entities [48], necessitating post hoc canonicalization efforts.
The advantages of AMR-based approaches derive from the fundamental difference between
AMR and OIE in their operational approach. OIE systems identify text segments expressing
specific user-provided relations (e.g., “cause for” or “located in”"), whereas AMR extracts all
semantic relations (encoded as PropBank frames) expressed in the text. These approaches
differ significantly in their level of abstraction: OIE achieves, in principle, maximal abstrac-
tion from syntactic patterns by focusing on user-specified semantic relations regardless of
surface realization, while AMR maintains closer ties to the lexical and syntactic structures
of the original text, but grounds them in standardized PropBank frames.
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Fig.1 Architectural model and pipeline of Text2AMR2FRED

3 Architecture of Text2AMR2FRED

Our approach to transforming natural language text into semantic RDF/OWL KGs relies
on and implements the architectural framework and pipeline shown in Fig. 1. This reference
pipeline combines the capabilities and outcomes of different tools and NLP tasks, as well as
chaining transformation and enrichment steps that produce a KG from a given input text.

In brief, the KG generation process from natural language text can be summarized in
three major stages, described in detail in the rest of this section: (i) the parsing of text into
an AMR graph, relying on a text-to-AMR parser; (ii) the conversion of the AMR graph into
an RDF/OWL KG, in line with FRED’s knowledge representation patterns as implemented
by the AMR2FRED tool; (iii) the semantic enrichment of the KG, by post-processing the
RDF/OWL KG with the support of the Framester ontological resource.

The key processing stages of our pipeline are also summarized in the TEXTTOAMRTOFRED
function, presented in Listing 1. The three core steps (lines 2—4) are subsequently described
in the corresponding subsections (see Listings 2, 3 and 4).

The capabilities of our Text2AMR2FRED tool implementing this pipeline are made avail-
able through an APL® which offers programmatic access to the generation of AMR and RDF
graphs from natural language text and allows integrating the KG generation process into other
applications and workflows. This makes it possible for tools such as the Machine Reading
Suite” to exploit the text-to-KG capabilities and generate RDF-named graphs from input text
sentences or paragraphs in batches. On top of the API, a web interface'® provides a user-
friendly, interactive environment for users to input natural language text and visualize the

8 https://arco.istc.cnr.it/txt-amr-fred/api/docs.
9 https://github.com/anuzzolese/machine-reading.

10 https://arco.istc.cnr.it/txt-amr-fred.
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Listing 1 TEXTTOAMRTOFRED — Build knowledge graph from text

Input:

text | text to be processed

amr Parser | text-to-AMR parser (SPRING or USeA)

kg Format | format of the resulting KG (TURTLE, RDF /XML, N-TRIPLES, or GRAPHICAL)
Output:

kg | Knowledge graph built from rext in the requested kg Format

1: function TEXTTOAMRTOFRED(text, amr Parser, kg Format)

2:  amr < TEXTTOAMR(text, amr Parser) > produce AMR graph
3 kg < AMRTORDF(amr) > produce KG
4: kg < ENRICHKG(text, kg) > enrich KG
5:  if kgFormat = GRAPHICAL then

6: kg < RDFTOGRAPH(kg) > build visual SVG graph
7 end if
8:  return kg
9: end function

resulting KGs, as well as define various settings to configure the pipeline, such as choosing
the AMR parser and the preferred output format and serialization of the RDF/OWL KG.

3.1 Text2AMR

As a first fundamental step in our pipeline, the input text is parsed into an AMR graph using
a text-to-AMR parser. This step aims at capturing and representing the meaning of the text in
a structured, graph-based format. The resulting symbolic representation abstracts away from
surface-level details of the input text (like word order and syntactic or grammatical variations)
to focus on the core concepts and relationships between entities, events, actions, and attributes.
Core concepts and relations are represented in AMR graphs as PropBank rolesets (roughly
equivalent to frames in frame semantics), and their semantic roles as PropBank argument (e.g.,
agent, patient, or instrument). In our implementation of the text-to-AMR module, sentences
in English are parsed into AMR graphs using the SPRING'! parser [8]. In contrast, for
sentences in other languages, we rely on the AMR parser of the USeA!? framework [49],
which supports 100 languages.

Both SPRING and USeA are built on state-of-the-art sequence-to-sequence large language
models (LLMs) based on the Transformer architecture. In particular, SPRING leverages
BART, a pre-trained encoder—decoder transformer fine-tuned for AMR parsing and genera-
tion, while USeA integrates a multilingual extension of SPRING alongside XLM-RoBERTa
for its WSD and SRL modules. Consequently, the underlying architectures, training data,
and computational requirements of these models are not under our direct control. While
SPRING and USeA represent the current state of the art in AMR parsing, their limitations
inevitably influence the performance of our Text2AMR2FRED pipeline. Parsing errors may
arise from incorrect or incomplete role assignment, fragmented AMR structures, or mis-
linked named entities, which in turn propagate to the RDF/OWL graph. For multilingual
input, USeA’s performance varies across languages depending on training data availability,
leading to less accurate AMRs for low-resource languages. Moreover, entity linking remains
a challenging aspect: Even with BLINK integration, mistakes in disambiguation can reduce
semantic precision in the generated knowledge graphs. Consequently, the overall quality of

11 http://nlp.uniromal.it/spring/.
12 https://github.com/SapienzaNLP/usea.
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20 / unveil-01

'ARGO
agent, entity revealing

ARG1
thing shown

(z0 / unveil-e1
:ARGO (z1 / company
:wiki "Apple_Inc."
:name (z2 / name
topl "Apple"))

ground-breaking entity

:ARG1 (z3 / watch
:ARG1-of (z4 / revolutionary-04)))

Fig. 2 AMR graph (PENMAN notation, left; graphical representation, right) resulting from the text2AMR
parsing of the sentence “Apple unveils a revolutionary watch”

Text2AMR2FRED is bounded by the accuracy of upstream AMR parsers. Nevertheless, our
framework is parser-agnostic: as more accurate AMR parsers become available, they can
be seamlessly integrated into our pipeline, directly improving downstream knowledge graph
quality.

The Text-to-AMR module manages named entity recognition, classification, and linking.
AMR annotation guidelines specify how to encode named entities from natural language text
into AMR graphs. '3 These guidelines indicate to canonicalize named entities using Wikipedia
as the standard reference. Consequently, AMR gold-standard datasets contain entity linking
information, enabling seq2seq AMR parsers used in our framework to recognize named
entities according to AMR annotation guidelines and associate them to Wikipedia pages.
However, entity linking is frequently inaccurate in practice, as seq2seq approaches alone
often struggle with this task. Therefore, following the approach adopted for SPRING and
summarized in [8], we integrate the BLINK Entity Linker!# into the pipeline to enhance
entity linking for English text.

This process is illustrated in Listing 2, where the TEXTTOAMR function (lines 1-7) demon-
strates how input text is parsed into an AMR graph using a selected text-to-AMR parser. For
English text (when using the SPRING parser), entity linking in the resulting AMR graph is
further enriched. The key steps for improving entity linking are shown in the ENRICHEN-
TITYLINKING function (lines 8—19), which implements the “wikification” approach used in
SPRING.!> The function processes the input text and its corresponding AMR graph by
first identifying all nodes representing named entities—those containing both :name and
:wiki attributes. For each such node, if the entity name appears in the original text, the
BLINK entity linker disambiguates the mention and retrieves the most likely corresponding
Wikipedia entity (LINKENTITYWITHBLINK). When a linked entity is found, the : wiki value
of the node in the AMR graph is updated accordingly (SETWIKI). The result is an enriched
AMR graph with more accurate Wikipedia references.

As a simple running example, we consider the sentence “Apple unveils a revolutionary
watch”. Figure 2 shows the corresponding AMR graph in PENMAN notation'® and using
a graphical representation as provided by the Text2AMR2FRED web interface. The exam-
ple highlights the frame-centric nature of AMR graphs, characterized by the occurrences of

13 https://github.com/amrisi/amr- guidelines/blob/master/amr.md#named-entities.
14 https://github.com/facebookresearch/BLINK.

15 https://github.com/SapienzaNLP/spring/blob/main/bin/blinkify.py.

16 https://penman.readthedocs.io/en/latest/notation.html.
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Listing 2 TEXTTOAMR — Build AMR graph from text with text-to-AMR parser

Input:

text | text to be processed

amr Parser | text-to-AMR parser (SPRING or USeA)
Output:

amr | AMR graph in PENMAN notation built from text

1: function TEXTTOAMR(text, amr Parser)

2 amr < amr Parser .PARSE(text) > produce AMR graph
3 if amr Parser = SPRING then > English text
4: amr <— ENRICHENTITYLINKING(fext, amr) > wikification via Entity Linking
5 end if

6 return amr

7: end function

Input:

text | text to be processed

amr | AMR graph in PENMAN notation built from texz
Output:

amr | AMR graph with enhanced entity linking (wikification)

8: function ENRICHENTITYLINKING(text, amr)

9:  namedEntities < GETNAMEDENTITIES(amr) > AMR nodes with :wiki and :name
10:  for all entity in named Entities do

11: if entity.name appears in text then

12: wikiEntity <— LINKENTITYWITHBLINK (name, text)

13: if wikiEntity # NONE then

14: SETWIKI(amr, entity, wikiEntity)

15: end if

16: end if

17:  end for

18:  return amr
19: end function

unveil-01,"7 the meaning of the verb unveil, and revolutionary-04 18 45 the mean-
ing of the adjective revolutionary, represented as PropBank rolesets and their associated
arguments/roles (ARGO, ARG1), as well as the presence of a named entity (the Apple com-
pany) linked to the corresponding Wikipedia page. Yet, the meaning of some entities is not
fully specified: for example, the variable z3 denotes something that is a (specifically, is an
instance of) wa t ch, but the sense or semantics of what a watch is is not defined (via entity
linking or any other semantic alignment or disambiguation). This aspect is further discussed
in Section 3.3.

The output of the text-to-AMR module is thus an AMR graph in PENMAN notation
that can be directly used as input for the AMR2FRED tool to produce the corresponding
RDF/OWL KG, as detailed in the next section.

3.2 AMR2FRED

AMR2FRED [50] is a software tool designed to transform AMR into RDF, leveraging
the knowledge extraction and logical and ontological representation patterns of the FRED

17 https://propbank.github.io/v3.4.0/frames/unveil#unveil.01.
18 https://propbank.github.io/v3.4.0/frames/revolt#revolutionary.04.
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machine reading system [5], and the Framester KG [19] as a public ontological resource to
disambiguate the formal semantics of concepts and relations.

To better support the output of recent AMR parsers such as SPRING and USeA, which
generate frame-based AMRs grounded in PropBank, the original AMR2FRED tool was
extensively refactored to interpret PropBank roles and aligned with current AMR annotation
standards. Additionally, it was revised to improve resilience to edge cases and to enhance the
semantic quality and ontological precision of the resulting RDF/OWL graphs.

AMR2FRED processes valid AMR strings in PENMAN notation, producing RDF/OWL
triples in multiple serialization formats, including RDF/XML, Turtle, and N-Triples. This
guarantees a formal interpretation and logic-based services to check consistency and perform
complex inferences of the extracted graphs. Additionally, it offers graphical representations
of the output graph as SVG and PNG images, according to user preferences. AMR2FRED is
available as both a web application and an APL'? with comprehensive API documentation
provided. The tool is open-source, and its codebase is publicly accessible via its GitHub
repository.20

The modular, component-based architecture of AMR2FRED is depicted in Fig. 3. The
Web Module provides a graphical interface for users, relying on the API to return the AMR
translation in the format selected by the user. The API Module sends the AMR in PENMAN
format to the AMR2FRED Main Module, orchestrating the interaction between all other
modules. The AMR2FRED Main Module forwards the AMR text to the AMR Parser Module,
which parses the input and returns a graph where nodes and relations are labeled with a
conventional set of prefixes. The AMR Parser interacts with the PropBank Module to translate
PropBank frames and roles. Once the graph is parsed, the Main Module sends it to the
RDF Writer Module for serialization in the user-specified format. The RDF writing process
relies on Apache Jena,?' an open-source Java framework for building SW and Linked Data
applications. If the user selects a graphical format, the Main Module sends the graph to
the Digraph Writer Module, which generates the graphical output. This module relies on
Graphviz,?? an open-source graph visualization software, to produce visual representations
of the KG in SVG or PNG format.

The conversion pipeline that produces an RDF/OWL KG from AMR consists of several
key phases: translation, mapping, processing, and the integration of best practices from the
SW and Linked Data paradigms.

The first step of the conversion involves parsing the AMR graph and translating it into an
acyclic graph. This is accomplished by creating a node for each AMR variable and connecting
them using the specified relations. In the example of Fig. 2, the variables from z0 to z4 repre-
sent the nodes, while the relations include /, : ARGO, : ARG1, : ARG1-of, :name, :wiki
and :opl. A special treatment is applied to the / relation, which indicates the instance of
relation, and is interpreted as a rdf : type relation (the € membership in description logics
(DL)). This relation appears only once for each variable, and its corresponding value is sub-
stituted for all occurrences of that variable throughout the graph. For example, all references
to the variable z3 are replaced with the instance name watch, followed by an underscore
and a progressive number. If z3 is referenced in the AMR graph, it will be translated as
watch_1 for all occurrences of z3. If a new variable, such as v, refers to another instance

19 http://framester.istc.cnr.it/amr-2-fred.

20 https://github.com/infovillasimius/amr2Fred.
21 https://jena.apache.org/.

22 https://graphviz.org/.
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Fig.3 AMR2FRED architecture

of watch, it will be translated as watch_2, and so on. This ensures consistency in how
instance references are represented in the output.

Additionally, inverse relations such as : ARG1-of are not directly processed as they are.
To handle these cases, if the parent of the inverse relation is not the root of the graph, a new
node representing the subject of the relation is introduced, and the relation is reversed to
maintain a coherent structure. However, if the parent is the root of the graph, the nodes are
simply swapped, reversing the relation without introducing additional nodes.

Nodes like unveil-01 represent PropBank rolesets, and connected relations of type
ARGn are translated into corresponding PropBank local roles using a predefined conversion
table. This table includes all possible cases, ensuring that each ARGn relation is accurately
mapped to its appropriate role within the roleset, facilitating a consistent and semantically
correct conversion process. The local roles and mapping rely on the RDF/OWL representation
of PropBank and AMR rolesets and roles, available as part of the Framester resource. In our
example, the core role ARGO for the unveil-01 roleset refers to the agent, i.e., the entity
revealing something, and targets the variable z1 representing a company. According to
the predefined conversion table, derived from the RDF representation of the unveil-01
roleset,?? the :ARGO role is translated into the local role pblr:unveil-01.agent.
Similarly, the relation : ARG1 is translated into the local role unveil-01. thing-shown,
signifying that the wat ch (denoted by variable z3) is the thing being unveiled in the context
of the unveil-01 event. In the semantics of description logics, this knowledge is formalized
as:unveil_1 € unveil-0landunveil_lunveil-01.thing-shownwatch_1.

Other non-core roles, such as :name in the given example, along with their associated
nodes, are processed through a comprehensive translation pipeline consisting of 15 distinct
steps. This pipeline is designed to handle complex relationships and currently incorporates
over 200 condition checks to ensure precise processing. At each stage, various conditions
are checked to account for all known edge cases and structural nuances, ensuring that both

23 https://w3id.org/framester/data/propbank-3.4.0/RoleSet/unveil-01.
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fred:revolutionary_l

pbir:revolutionary-04.ground-breaking-entity

fred:unveil_1

pblr:unveil-01.agent rdf:type

fred:company_1 fred:watch_1 pbrs:unveil-01 pbrs:revolutionary-04

ltdf&label rdfs:subClassOf 'ﬂlfs:snhcluss(h‘rdh:label

Apple amr:Company dbpedia:Apple_Inc. ‘ fred:Watch ‘ display, show, reveal, introduction of something new dul:Event ground-breaking, radical

schema:name | rdfitype owl:sameAs

Fig. 4 Graphical representation of the core of the KG produced by AMR2FRED for the sentence “Apple
unveils a revolutionary watch”

nodes and relations are accurately translated in logically valid OWL semantics. This step-by-
step approach preserves semantic integrity and guarantees alignment with the overall graph
structure, ensuring that the meaning embedded in the AMR graph is fully reflected in the
resulting RDF/OWL KG.

The core logic of the AMR-to-RDF transformation is encapsulated in the func-
tion AmrToRdAf (amr), which coordinates the end-to-end translation process from a
PENMAN-formatted AMR graph to an RDF serialization or visual output. This function
orchestrates a sequence of operations, beginning with parsing and graph construction via
ParseAndTranslate and proceeding through graph validation, semantic enrichment,
and output generation. Within this process, key transformations are delegated to special-
ized functions, such as SemanticTranslation, which applies structural and semantic
adjustments to align with OWL and Linked Data principles. These include the verification of
dominance structures, handling of modifiers, processing of list elements and inverse relations,
and elaboration of typed instances. A high-level overview of this procedure is presented in
Listing 3. A detailed specification of all the specialized functions invoked in the pseudocode
would result in an overly long listing, so only the top-level logic is presented here for clarity.

For transparency and reproducibility, interested readers can inspect the complete imple-
mentation in the code (parse method).?*

Figure 4 shows the core of the KG produced by AMR2FRED for our running example.
Variables in the AMR graph representing instances of PropBank rolesets become entities
in the KG, typed with the corresponding roleset (e.g., fred:unveil 1 rdf:type
pbrs:unveil-01) and related to other entities with the proper roles. Adhering to the
principles of the SW and Linked Data paradigm, the named entity representing the Apple
company is linked (with the owl : sameAs property) to the corresponding DBpedia entity,
based on wikification in the AMR graph. The resulting KG is then further processed, as
detailed in the next section, to augment the axiomatization of entities and classes.

3.3 KG post-processing and semantic enrichment

The KG produced by AMR2FRED is further processed through a semantic enrichment step.
This enhances the KG by linking it to a broader set of concepts and knowledge sources,
improving its semantic expressivity and interoperability with other datasets and KGs. The
post-processing stage, whose goal is to refine the semantic content of the KG by disambiguat-
ing entities and enriching it with links to authoritative KBs, involves two key operations: (1)
linking named entities in the KG to the corresponding Wikidata entities; and (2) disambiguat-
ing underspecified concepts in the graph and linking them to WordNet synsets (as formalized

24 Java version: https://github.com/infovillasimius/amr2Fred/blob/master/amr2Fred/src/amr2fred/Parser.
java. Python version: https://github.com/infovillasimius/py_amr2fred/blob/main/py_amr2fred/parser.py.
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Listing 3 AMRTORDF — Translate AMR graph to RDF

Input:

amr | AMR graph in PENMAN format
Output:

RDF serialization or visualization string

1: function AMRTORDF(amr)

2 if amr is empty or too short then

3 return "Syntax error”

4:  endif

5:  root < PARSEANDTRANSLATE(amr)
6 if root = null then

7 return "Syntax error"

8: endif

9: if graph status indicates unresolved nodes then
10: CHECKGRAPH(root)

11:  endif

12:  if RDF output mode is active then
13: return WRITERDF(root)

14:  else

15: return VISUALIZEGRAPH(root)
16:  endif

17: end function

18: function PARSEANDTRANSLATE(amr)

19:  root <— BUILDGRAPHFROMAMR(amr)
20: if infinite recursion is detected then

21: return CREATEERRORNODE("Recursive")
22: end if

23:  root < ADDMISSINGINSTANCES(root)
24:  root < SPLITMULTISENTENCES(root)
25:  root <= SEMANTICTRANSLATION(root)
26:  root < DISAMBIGUATEVERBS(r00t)
27: root <— INSERTTOPICIFMISSING(root)
28:  root < FIXRESIDUALERRORS(root)

29:  root < INTEGRATELOGICTRIPLES(ro0t)
30:  return root

31: end function

32: function SEMANTICTRANSLATION(r00t)

33: if root is empty then

34 return null

35:  endif

36: MARKDECLAREDV ARIABLES(r00t)

37:  root <— VERIFYDOMINANCESTRUCTURE(r00t)
38:  root < CHECKOPSROLES(root)

39:  root < VERIFYBULLETLISTS(root)

40:  root <— APPLYINVERSERELATIONS(root)
41:  root < VERIFYMODIFIERS(root)

42: root <— PROCESSCHILDREN(r00t)

43:  root < ADDPARENTLINKS(root)

44:  root < ELABORATEINSTANCES(root)
45:  return root

46: end function
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fred:revolutionary_I ‘ ‘ fred:unveil_I
;mﬁype pblr:revolutionary-04 ground-breaking-entity rdf:type l pblr:unveil-01 thing-shown i pblr:unveil-01 agent

I

phrsirevolutionary-04 phrs:unveil-01 fred:watch_1 fred:company_1
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rdfs:subClassOf l owlzequivalentClass rdfs:subClassOf

Object 30: h. 1 _artifact

Fig. 5 Graphical representation of the core of the final KG produced by Text2AMR2FRED for the sentence
“Apple unveils a revolutionary watch”

in Framester) and to DOLCE+DnS Ultralite® (DUL) and DOLCE-Zero®® (d0) foundational
classes. These two operations are outlined in the ENRICHKG function in Listing 4.

The linking of named entities to Wikidata (summarized in the LINKTOWIKIDATA function)
is eased by the presence in the KG of links to DBpedia entities, as produced by AMR2FRED
exploiting the alignments to Wikipedia in the AMR graph. Entities in the KG having a link to
DBpedia are retrieved (GETENTITIESDBPEDIA, line 7 in Listing 4) from the KG viaa SPARQL
query. For each entity with a link to DBpedia, a owl : sameAs link to the corresponding
Wikidata entity (if any) is added (lines 8—13 in Listing 4). This step is performed with the
help of the wikimapper Python package,?” able to map Wikipedia pages to Wikidata IDs.

Figure 5 shows the core of the final KG produced for our running example. The
fred:company_1 entity linked to dbpedia:Apple_Inc. after the AMR2FRED
conversion is also linked to the corresponding entity in Wikidata (wd : Q312) after the post-
processing stage.

An additional enrichment step (summarized in the DISAMBIGUATE function in Listing 4)
has the goal of producing semantic alignments for the entities in the KG resulting from the KG
generation process (i.e., with the fred: or user-provided prefix/namespace) that are not yet
typed (i.e., are not instances of any class) nor linked to external entities (via owl : sameAs
predicates).

The KG is first queried via SPARQL to retrieve the entities that match the aforementioned
criteria (usually classes originating from nouns and adjectives in the input text) and thus
require disambiguation (line 17). Next, disambiguation with respect to WordNet synsets
relies on a WSD step performed over the initial input text. This step disambiguates textual
spans in the input text, producing a set of candidate terms/lemmas mapped to WordNet
synsets (line 18). For each entity to be disambiguated, if its local name?® corresponds to the
lemma of a disambiguated textual span in the input text, an owl : equivalentClass link
is added between the entity and the WordNet sysnet identified via WSD (lines 20-26).

WSD over the input text is performed relying on EWISER,? a WSD system well-suited
for multilingual scenarios due to its state-of-the-art performance in both all-words English
and multilingual WSD tasks. EWISER builds on transformer-based LLMs (e.g., BERT),
which are fine-tuned for sense prediction, achieving state-of-the-art performance in both
all-words English and multilingual WSD tasks.

25 http://www.ontologydesignpatterns.org/ont/dul/DUL.owl.
26 http://www.ontologydesignpatterns.org/ont/d0.owl.

27 https://github.com/jcklie/wikimapper.

28 the part in the URI after the prefix.

29 https://github.com/SapienzaNLP/ewiser.
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Table 1 Motifs used in Text2AMR2FRED evaluation

Motif Type Description Description logic

IDENTITY Edge Represents that two different individuals i1 and ip i1 =i
refer to the exact same entity, asserting that the
subjects are interchangeable in any context

TYPE Edge Indicates that a particular entity i1 is an instance of a ireC
specified class C
SUBCLASS Edge Specifies that a class C is a subclass of another class CCD

D, meaning all instances of the subclass are also
instances of the superclass

EQUIVALENCE Edge Asserts that two classes C and S are equivalent, C=D
meaning they contain exactly the same set of
instances
ROLE Ed Defines the role R of an entity x of type T within a R(er, x)
ge efines the r of an entity x of type 7 within an (E C 3R.T)

event or situation e of type E, specifying how the
entity participates in that context

PROPERTY Edge Represents a binary fact or domain property P(ey,e)
assertion, relating two entities through a property,
and excludes roles, modality, and negation

MODALITY Edge Applies a modality mark to an event or situation, M(ey, m)
indicating the mode or manner in which the event
or situation occurs

NEGATION Edge Applies a negation mark to an event or situation, N(ey, bool)
indicating that the event or situation did not occur
or is not true

The RDF representation of WordNet synsets is part of the Framester KG. By exploit-
ing Framester and the interlinking between linguistic and ontological resources it provides,
disambiguated entities can be further enriched with links (using the rdfs:subclassOf
property) to WordNet “supersenses” and DUL+dO foundational classes. This alignment step
(line 27) is carried out through a SPARQL CONSTRUCT query over the Framester KG to
produce the additional triples that semantically enrich the disambiguated entities. More gen-
erally, the links to resources in Framester (from PropBank rolesets to WordNet synsets and
DUL+dO classes) act as entry points to the rich, multifaceted knowledge represented therein.

Concerning automated reasoning, both automated inference and logical consistency and
coherence of the extracted models can be achieved by adding an off-the-shelf OWL reasoner
at the end of the process. Consider that the ontologies (WordNet, Propbank) used to dis-
ambiguate word senses do not have any disjointness axiom, then no inconsistency may be
generated. However, Text2AMR2FRED aligns classes and instances to public RDF resources
that are on their turn aligned to Framester and the DOLCE-Zero OWL foundational ontol-
ogy, which contain full-fledged disjointness axioms for a rigorous consistency and coherence
verification.

In the example of Fig. 5, the fred:Watch class is semantically aligned to the corre-
sponding WordNet synset denoting “a small portable timepiece” (wn30 : synset-watch-
noun-130), as well as further qualified as a subclass of the artifact WordNet super-sense

30 https://w3id.org/framester/wn/wn30/instances/synset-watch-noun- 1.
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Listing 4 ENRICHKG — Enrich the KG with links to Wikidata and WSD

Input:
text | text to be processed
kg | RDF/OWL knowledge graph built from zext
Output:
kg | RDF/OWL knowledge graph enriched with links to Wikidata and WSD

1: function ENRICHKG(text, kg)

2 kg < LINKTOWIKIDATA(kg) > add links to Wikidata for named entities
3: kg < DISAMBIGUATE(text, kg) > perform WSD and link to Framester
4 return kg

5: end function

Input:
kg | RDF/OWL knowledge graph
Output:
kg | RDF/OWL knowledge with links to Wikidata

6: function LINKTOWIKIDATA(kg)

7:  entities Dbp < GETENTITIESDBPEDIA (kg) > entities with owl : sameAs to DBpedia
8:  for all entity in entities Dbp do

9: wikidatald < DBPEDIATOWIKIDATA(entity.dbpediaUri) >wikimapper
10: if wikidatald # NONE then

11: ADDSAMEASLINK (kg, entity.uri, wikidatald) > owl :sameAs to Wikidata
12: end if

13:  end for

14:  return kg
15: end function

Input:
text | text to be processed
kg | RDF/OWL knowledge graph built from zext
Output:
kg | RDF/OWL knowledge with WSD to WordNet and links to Framester

16: function DISAMBIGUATE(text, kg)

17:  entities <— GETENTITIESTODISAMBIGUATE(kg) > query kg via SPARQL
18:  lemmaToSynset < WSDTOWORDNET(text) > WSD wrt WordNet
19:  entityToWordnetSynMap < ()

20:  for all entity in entities do

21: if entity.name in lemmaT oSynset then

22: wnSynUri < lemmaToSynset[entity.name] > Synset for lemma
23: ADDEQUIVALENCELINK (kg, entity.uri, wnSynUri) > Link to WordNet
24: entityToWordnetSynMaplentity.uri] <— wnSynUri

25: end if

26:  end for

27:  ALIGNTOWNDUL(kg, entityToWordnet SynMap) > CONSTRUCT query with Framester

28:  return kg
29: end function

(wn30:supersense-noun_artifact3!) and of the dul : PhysicalObject class
in DUL. rdfs: subClassOf is equivalent to the C relation in description logics.

31 https://w3id.org/framester/wn/wn30/instances/supersense-noun_artifact.
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4 Evaluation

Evaluating formal knowledge extraction is a resource-intensive task, as each extracted triple
must be carefully assessed, often by multiple annotators. Even a short sentence of about
10 words can yield 30-50 RDF triples, each requiring manual inspection for correctness.
Consequently, we opted for a dataset of short sentences that enabled a controlled and fine-
grained evaluation while keeping the annotation workload feasible. Nonetheless, our tool
is fully capable of processing longer texts, such as paragraphs or full news articles. The
underlying AMR parser handles long-form input by splitting it into sentence-level parses,
grouped under a top-level multi-sentence node. As a result, the triple generation and evalua-
tion procedure remains structurally consistent regardless of input length, since each sentence
is parsed and translated individually. Performance differences would more likely emerge
in tasks involving cross-sentence knowledge, where relations span multiple sentences and
require discourse-level inference. While such advanced reasoning is not the primary focus of
our current evaluation, our approach lays the groundwork for future integration of discourse-
aware relation extraction, as discussed in the related work (e.g., the role of grounding graphs
in generative Al presented in [16]).

Therefore, in this section, we explain the method we designed and followed to perform an
intrinsic evaluation of the KGs output by Text2AMR2FRED. We start this section intro-
ducing Open Knowledge Extraction (OKE) [51] motifs [13], elementary graph patterns
corresponding to basic logical patterns used in SW. Motifs constitute the building blocks
of our evaluation method and permit a cross-tool evaluation, allowing us to compare the
quality of Text2AMR2FRED and FRED output KGs. In subsection 4.2, we describe the
dataset of sentences that we transformed into KGs for the evaluation. In subsection 4.3, we
recall the specifics of the systems under test (Text2AMR2FRED and FRED). In subsection
4.4, we outline the manual assessment process we applied to validate each triple. Based
on the triple assessment, we could calculate the overall and per-motif accuracy for the two
tools. In subsection 4.5, we report the outcomes of the comparative evaluation of the tools.
In subsection 4.6, we report a detailed error analysis.

4.1 Motif-based evaluation

Text2AMR2FRED output KGs have been evaluated using a method that revolves around
OKE motifs. These motifs represent the fundamental structural elements of RDF/OWL
graphs for formal knowledge extraction from text. In this evaluation, as shown in
Table 1, we focused on “edge motifs”, which consist of single triple motifs. The edge
motifs employed include IDENTITY, which asserts that two individuals refer to the
same entity, as in fred:person_1 owl:sameAs wiki:Q3427977; TYPE, indi-
cating that an entity is an instance of a class, as in fred:opine_1 rdf:type
pbrs:opine-01; SUBCLASS, specifying class hierarchies, as in fred:Soccer
rdfs:subClassOf d0:Activity; EQUIVALENCE, for class equivalence, as in
fred:Musicianowl:equivalentClasswn30instances:synset-musician
-noun-1; ROLE, to define entity roles within events or situations, as in fred:write_1
pblr:write-01.thing-written fred:document_1; PROPERTY, to relate enti-
ties through binary assertions, as in (fred:technology 1 dul:hasQuality
fred:vVarious. Additionally, we included MODALITY for mode indications, as in
fred:situation_2boxing:hasModalityboxing:Possibleand NEGATION,
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asin fred:pretend_1 boxing:hasTruthValue boxing:False, for annotating
negated events or situations.

4.2 Dataset

To evaluate Text2AMR2FRED, we utilized a collection of previously assembled sentences for
assessing FRED, the earlier version of the same system. This dataset, described in [13], com-
prises multi-domain content: sentences extracted from Wikipedia definitions, news, scientific
reports and social media posts. Such a selection of diversified sources aims to demonstrate
the tool’s suitability for OKE.

To ensure consistency comparison with FRED, we transformed the same 41 sentences
assessed in its evaluation campaign, described in [13], into KGs through the Machine Reading
suite, which allows to process batches of text excerpts through the Text2AMR2FRED API
and outputs RDF-named graphs (in NQuad format). Each named graph identifies a sentence
with a proper URI and lists all the extracted triples for that sentence.

4.3 Systems tested

We comparatively tested two tools: Text2AMR2FRED, the system described in this paper,
and FRED, the previous version of the same tool. FRED is a machine reader for the SW
that integrates and represents multiple semantic parsing results, including frame detection,
semantic role labeling, entity linking, and taxonomy induction. Applications include semantic
sentiment analysis, relation augmentation, and discovery.

4.4 Procedure

We collected all triples included in the KGs output by the two tools. These triples were
mapped to the motifs in Table 1. An expert annotator assessed their correctness one by one.
Triples not mapped to a motif were excluded from the evaluation.

Also, a distinction was made between functional/semantic triples and enrichment/align-
ment triples. The former represents the core knowledge transformed into KG by the tool,
such as PropBank frames with their arguments and expansions, nouns and adjectives aligned
to WordNet synsets, and named entities recognized, typified, and linked to Wikipedia, DBpe-
dia, and Wikidata. The latter are, for example, alignments between PropBank and VerbAtlas.
Only the functional/semantic triples were mapped to motifs and evaluated, while enrichmen-
t/alignment triples were considered out of scope for the evaluation.

4.5 Results

Text2AMR2FRED consistently demonstrated higher accuracy across all the motifs,
achieving 95% accuracy over 1, 598 triples, while FRED achieved 78% overall accuracy
over 1, 075 triples.

Text2AMR2FRED produced a higher number of triples mapped to ROLE, SUBCLASS,
TYPE and IDENTITY motifs as compared to FRED. In all of them, it achieved higher
accuracy. FRED produced a higher number of triples mapped to EQUIVALENCE, IDENTITY
and PROPERTY as compared to Text2AMR2FRED. In all of them, it achieved a lower
accuracy.
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Table 2 Comparison of Text2AMR2FRED and FRED accuracy per each different motif

Motif Text2AMR2FRED FRED
#triples Accuracy #triples Accuracy

EQUIVALENCE 130 0.99* 162 0.61
IDENTITY 82 0.90 50 0.88
MODALITY - — 8 0.87
NEGATION 7 1.00 7 0.87
PROPERTY 163 0.90* 293 0.79
ROLE 312 0.92* 150 0.83
SUBCLASS 479 0.99* 263 0.82
TYPE 425 0.97* 142 0.77
All 1598 0.95* 1075 0.78

* indicates statistical significance (p < 0.05)

Noticeably, FRED produces more triples mapped to PROPERTY motif, while
Text2AMR2FRED produces more triples mapped to ROLE motif. The reason for that is
that Text2AMR2FRED employs, as a semantic parsing layer, an AMR parser. AMR formal-
ism adheres to a “generalized framing”, where most semantic structures in a sentence are
represented as predicates with their roles and argument structures. This approach leads to
more triples mapped to the ROLE motif. In contrast, FRED does not use AMR-based parsing
and relies on different semantic parsing techniques, resulting, instead, in more triples mapped
to the PROPERTY motif.

Table 2 shows a comparison between Text2AMR2FRED and FRED accuracy per each
different motifs. We conducted Chi-square tests to determine statistical significance across
all motif categories. The Chi-square analysis confirms that Text2AMR2FRED demonstrates
a statistically significant improvement in overall accuracy compared to FRED (95% vs. 78%,
%% =176.90, p < 0.0001). More specifically, statistically significant improvements were
found in 5 out of the 7 motifs for which the comparison of the two systems was possible:

e EQUIVALENCE (99% vs. 61%, x* = 59.03, p < 0.0001)
e PROPERTY (90% vs. 79%, x2 = 8.72, p = 0.0031)

e ROLE (92% vs. 83%, x* = 8.04, p = 0.0046)

e SUBCLASS (99% vs. 82%, x2 =71.21, p < 0.0001)

e TYPE (97% vs. 77%, x2 = 55.47, p < 0.0001)

The non-significant differences in IDENTITY (90% vs. 88%, p = 0.9086) and NEGATION
(100% vs. 87%, p = 1.0000) motifs are likely attributable to the relatively simple nature of
these motifs, where FRED already performed well. Additionally, the small sample size for
NEGATION (only 7 triples in each system) limits the statistical power to detect significant
differences.

We acknowledge that part of the improvement of Text2AMR2FRED may be attributed to
the fact that the Text2AMR parsers, such as SPRING and USeA, are more recent and benefit
from advanced neural architectures with access to large, high-quality training datasets. We
need to consider that the original FRED extractor uses a hybrid parser (CCG+Boxer), which
may fail to recognize many patterns that are more easily addressed by a transformer-based
parser. Nonetheless, the transparency and explainability of CCG+Boxer are not available with
the current AMR parsers, and it is also notable that the performance of the old CCG+Boxer
parser is still substantial [52].
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Table3 Example of incorrect triples extracted by Text2 AMR2FRED from the sentence Sculpture is the branch
of the visual arts that operates in three dimensions and one of the plastic arts

Motif Subject Predicate Object Error explanation

EQUIVALENCE fred:Branch owl:equivalentClass wn30_instances:synset-branch-  Here, “branch”

noun-1 refers to a
subdivision of an
art discipline

SUBCLASS fred:Branch  rdfs:subClassOf dul:Organization Branch is not a kind

of organization in
this sentence

Moreover, the formalization/alignment layer of Text2AMR2FRED makes these improve-
ments visible in a formal way, so that we can propose a modular and extensible pipeline that
benefits from the intermediate AMR representation. Indeed, the better performance is not
solely due to the AMR parsers but also to:

e The generalization capabilities of AMR, which serve as an abstraction that reduces the
dimensionality of syntactic patterns and favors KG interoperability.

e The AMR-to-FRED post-processing, which, as with FRED, enables logical formaliza-
tion, enrichment, and disambiguation.

e The integration of external resources like WordNet, Framester, DOLCE-Zero, etc. that,
as with FRED, provide additional semantic features and interoperability.

Additionally, we note that the AMR-to-RDF step has been specifically optimized to work
with AMRs produced by SPRING and USeA, which are based on PropBank frames. This
optimization ensures that the mappings from AMR to RDF are more effective and seman-
tically rich, as PropBank frames provide well-defined semantic roles (now integrated in the
Framester formal KG of lexical knowledge).

Finally, the MODALITY motif'is only indirectly supported in Text2AMR2FRED and does
not appear in the evaluation because it is not directly comparable to FRED’s implementation.
In fact, the AMR-driven frame detection applies also to modal operators, making them modal
frames on top of factual frames. For example, an ought to modality might be mapped to an
occurrence of the pbrs: recommend-01 frame.

4.6 Error analysis

To evaluate Text2AMR2FRED’s limitations, we conducted an error analysis on the incor-
rect triples it extracted. We report in this subsection some examples.

One notable example, reported in Table 3, comes from the KG generated from the sentence
“Sculpture is the branch of the visual arts that operates in three dimensions and one of the
plastic arts.”. Text2AMR2FRED pipeline wrongly disambiguated the word branch, leading
to erroneous triples for the motifs EQUIVALENCE and SUBCLASS. For the same sentence,
under the EQUIVALENCE motif, Text2AMR2FRED incorrectly linked fred:Branch to
the WordNet synset for branch synset-branch-noun-1, which refers to a division
within an organization. In this context, however, branch refers specifically to a subdivision
of the visual arts. In particular, this failure can be traced back to an erroneous disam-
biguation performed by EWISER, the WSD component of Text2AMR2FRED. Secondly,
under the SUBCLASS motif, Text2AMR2FRED produced a triple that incorrectly maps
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Table 4 Example of incorrect triples extracted by Text2AMR2FRED from the sentence The architecture of
Saxon at this time was to interpret the DOM of the source stylesheet directly instead of building an expression
tree

Motif Subject Predicate Object Error explanation

IDENTITY fred:country_1 owl:sameAs wiki:Q1202 Refer to Saxony
instead of Saxon
XSLT

TYPE fred:country_1 rdf:type amr:Country Saxon in this
sentence is not a
country

PROPERTY fred:architecture_1 dul:hasQuality fred:country_1 Saxon in this
sentence is not a
country

Table 5 Example of incorrect triples extracted by Text2AMR2FRED from the sentence I’m sorry Brentwood
I strongly dislike soccer but that’s my opinion.

Motif  Subject Predicate Object Error explanation
ROLE  fred:say_l pblr:say-01.hearer free:city_district_1 The hearer of the
predicate

say-01isnota
city district. It is a
person

fred:Branch to a subclass of dul : Organization, suggesting that a branch is a type
of organization. This wrong classification stems from the erroneous WSD of branch.

To further assess the system’s limitations, in Table 4, we analyzed other incorrect triples
extracted from the sentence: “The architecture of Saxon at this time was to interpret the DOM
of the source stylesheet directly instead of building an expression tree.” The tool misinter-
preted the term Saxon, leading to several erroneous triples. Under the IDENTITY motif, the
system generated a triple which incorrectly refers the node fred: country_1 to Saxon as
a country, linking it via owl : sameAs to wiki: 01202, which represents Saxony. In the
context of the sentence, however, Saxon refers to Saxon XSLT, a software tool for process-
ing XML and XSLT. Contextually, under the TYPE motif, the system produced the triple
fred:country_1 rdf:type amr:Country, which erroneously states that the named
entity Saxon refers to the AMR type country. The erroneous named entity classification
and linking arise from SPRING, the AMR parser used in Text2AMR2FRED, and BLINK,
the entity linker employed by SPRING, which incorrectly links Saxon to the Wikipedia entry
for Saxony. Similarly, under the PROPERTY motif, the system mistakenly produced the triple
fred:architecture_1 dul :hasQuality fred:countryl_1. This error reiter-
ates the wrong caused by the improper named entity recognition, classification and linking
of Saxon, as the tool failed to recognize that in this context, Saxon is not a country but a
software application.

Further examining the system’s limitations, in Table 5, we analyzed incorrect triples
extracted from the sentence: “I’'m sorry Brentwood I strongly dislike soccer but that’s my
opinion.” The tool misinterpreted the term Brentwood, leading to erroneous triples due to
issues in named entity recognition and linking. Under the ROLE motif, the system generated
a triple which incorrectly identifies free:city_district_1 as the hearer (ARGO) of
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the PropBank predicate say-01. The named entity Brentwood was erroneously classified
as a city district, likely due to its common association with a geographical location. However,
in the context of the sentence, Brentwood is being addressed as a person, not a place. The
error, which again originates from the named entity recognition, classification, and linking
components performed by SPRING and BLINK, led to the incorrect assignment of the hearer
role to a city district, which is semantically inappropriate for the given sentence.

5 Conclusion and future work

Text2AMR2FRED addresses several key limitations in prior knowledge extraction and ontol-
ogy learning approaches:

e Low abstraction and poor generalization: Traditional systems like open information
extraction and early ontology learning and population methods often extract shallow,
surface-level triples. Text2AMR2FRED, by combining deep AMR parsing with cogni-
tively grounded frame semantics from FRED, produces more abstract and semantically
rich representations that generalize better across domains.

e Lack of pragmatic adequacy: Prior systems struggled to represent implicit or inferred
knowledge. Our approach enables the extraction of pragmatically meaningful structures
(e.g., events, roles, quantifiers), which align more closely with human interpretation and
facilitate complex reasoning and entailment.

e Fragmented or unlinked output: Many earlier pipelines produced isolated or poorly
linked triples. Text2AMR2FRED ensures semantic grounding and interlinking by
integrating public knowledge resources (e.g., DBpedia, FrameNet), thus improving inter-
operability and supporting multilingual, cross-domain use.

By integrating domain-specific ontologies, it enhances the informativeness of KGs, sup-
porting complex queries and revealing implicit knowledge within text. This approach also
facilitates the enrichment of output KGs with external KBs. We have shown its pipeline,
whose capabilities are available through a publicly accessible API. The evaluation we have
carried out includes OKE motifs, which permit a cross-tool evaluation allowing us to com-
pare the quality of Text2AMR2FRED and FRED output KGs. The dataset we have used
includes a collection of previously assembled sentences for assessing FRED. After collect-
ing the triples included in the KGs output by the two tools, they were mapped to the motifs,
and their correctness was annotated. The results showed that Text2AMR2FRED consistently
demonstrated higher accuracy across all motifs, achieving 95% accuracy over 1,598 triples,
while FRED achieved an overall accuracy of 78% over 1,075 triples.

The Text2AMR2FRED pipeline has demonstrated considerable uptake and impact across
multiple research domains, including NLP, SW technologies, and machine reading com-
prehension. A recent survey [7] highlights how Text2AMR2FRED advances research by
enabling seamless integration of AMR graphs into question-answering models. It enables the
transformation of AMR representations into RDF format, thereby facilitating direct deploy-
ment in knowledge-based QA pipelines. This capability has been successfully leveraged in
the UNIQORN framework [53] for unified question answering over both RDF KGs and
natural language text.

Comparative evaluations have validated the system’s effectiveness through studies
examining distinct approaches to free-form question answering [54]. These assessments
revealed that while ChatGPT exhibits popularity bias through diminished performance
on low-frequency entity questions, the structured knowledge representations generated by

@ Springer



47  Page 24 of 31 A.Gangemi et al.

Text2AMR2FRED demonstrate greater robustness against such biases. The pipeline’s abil-
ity to encode knowledge across diverse entity frequency distributions ensures more balanced
performance for both common and rare entities.

The pipeline has also proven valuable in digital humanities applications [55, 56], where
it has been employed to transform cultural heritage textual collections into KGs accessible
via public SPARQL endpoints.’> These resources have enabled digital humanities scholars,
historians, and musicologists to develop compelling visual narratives using data.>?

Additionally, it supports neuro-symbolic integration efforts focused on achieving
grounded multimodal, knowledge-augmented meaning representations [16, 57], further
expanding its research applications.

As future work, we aim to establish a standardized methodology for text-to-KG construc-
tion, addressing a critical gap that currently hinders consistent evaluation and comparison
across different approaches. This objective directly targets the most significant limitation
of our study: the narrow scope of our comparative evaluation, which presently encom-
passes only FRED, the foundational system from which Text2AMR2FRED evolved. To
broaden our evaluation framework, we propose developing a comprehensive graph-based
Retrieval-Augmented Generation (RAG) system that would enable fair comparison between
Text2AMR2FRED and LLM-based pipelines. This approach would involve integrating
diverse structured resources into an LLM architecture, with training focused either on AMR-
to-FRED patterns (for AMR-mediated cases) or directly on FRED structural motifs (for direct
transformation approaches). While designing such a pipeline presents considerable complex-
ity and requires extensive parameter tuning and data integration, it offers a promising research
direction, setting the path to continue the comparison of knowledge extraction tools for the
SW initiated by the seminal study presented in [58]. Additionally, we plan to explore the
potential of employing LLMs for post-processing outputs from other knowledge extraction
tools, including OpenNRE, DeepKE, and UIE, as discussed in our related work section. This
approach could enhance the quality and consistency of knowledge graph construction across
different extraction methodologies.

Additionally, we plan to enhance the entity recognition capabilities of our system and
expand the evaluation dataset to better assess the generalizability and effectiveness of the
proposed approach.

We also plan to analyze the contribution of individual components in the pipeline through
targeted ablation studies, focusing on semantic enrichment, ontology alignment, and the
robustness of the AMR parsing process under controlled degradations.
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