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Abstract

We present a method for learning large-scale,
broad-coverage construction grammars from
corpora of language use. Starting from ut-
terances annotated with constituency structure
and semantic frames, the method facilitates the
learning of human-interpretable computational
construction grammars that capture the intri-
cate relationship between syntactic structures
and the semantic relations they express. The re-
sulting grammars consist of networks of tens of
thousands of constructions formalised within
the Fluid Construction Grammar framework.
Not only do these grammars support the frame-
semantic analysis of open-domain text, they
also house a trove of information about the
syntactico-semantic usage patterns present in
the data they were learnt from. The method
and learnt grammars contribute to the scaling
of usage-based, constructionist approaches to
language, as they corroborate the scalability of
a number of fundamental construction gram-
mar conjectures while also providing a practi-
cal instrument for the constructionist study of
English argument structure in broad-coverage
corpora.

1 Introduction

A family of linguistic theories called construction-
ist approaches to language (Goldberg, 2003) has
established itself over the last four decades as a
prominent alternative to mainstream generative lin-
guistics. Constructionist approaches to language
build on a number of shared foundational prin-
ciples, of which the most consequential are that
they model all linguistic knowledge needed for lan-
guage comprehension and production in terms of
networks of form-function mappings called con-
structions, that these networks of constructions are
personal, dynamic and learnt through language use,

*Both authors contributed equally to this paper and declare
that it was conceived and written without assistance from
generative AI tools.

that there exists no strict distinction between the
lexicon and the grammar of a language, and that
all attested linguistic phenomena are considered to
be of equal interest to linguistic analysis (see a.o.
Fillmore, 1988; Goldberg, 1995; Kay and Fillmore,
1999; Croft, 2001; Goldberg and Jackendoff, 2004;
Langacker, 2008; Hilpert, 2014; Hoffmann, 2022).

Advocates of constructionist approaches to lan-
guage praise (i) the ability of construction gram-
mars to account for the regular as well as the id-
iomatic and less-compositional aspects of language
(Fillmore et al., 1988; Goldberg, 1995; Kay and
Fillmore, 1999; Fried and Östman, 2004; Michaelis,
2012; Fried and Nikiforidou, 2025), (ii) their psy-
chological validity (Bencini and Goldberg, 2000;
Tomasello, 2003; Alishahi and Stevenson, 2008;
Diessel, 2015), and (iii) the central place that they
attribute to the meaning and communicative func-
tion of linguistic entities (Langacker, 2003; Fried,
2015). At the same time, a long-standing criticism
of constructionist approaches to language is that
the scalability of “precise and testable models [of
construction grammar]” (Bod, 2009) very much
remains an open challenge (van Trijp et al., 2022;
Boas, 2025; Doumen et al., 2025).

This paper contributes to the scaling of usage-
based, constructionist approaches to language by
introducing a method for learning large-scale,
broad-coverage construction grammars from cor-
pora of language use. Given a corpus of utter-
ances annotated with syntactic structure and se-
mantic frames, the method facilitates the learning
of a network of constructions that captures at scale
the relationship, whether compositional or not, be-
tween semantic frames and the syntactic means
that express them. Apart from introducing the
method, we also demonstrate its application to a
multi-genre corpus of English texts that were sys-
tematically and exhaustively annotated with Prop-
Bank frames (Palmer et al., 2005). The resulting
grammar networks consist of tens of thousands
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of human-interpretable constructions that do not
only support the frame-semantic analysis of En-
glish open-domain text, but also house a trove of
information about the syntactico-semantic usage
patterns present in the data they were learnt from.

The method has been fully integrated into the
open-source Fluid Construction Grammar frame-
work (Steels, 2004; Beuls and Van Eecke, 2023).
Along with this paper and its source code, we re-
lease a series of pre-trained grammars for English
and a collection of PyFCG-compatible scripts (Van
Eecke and Beuls, 2025) for processing new corpus
data using pre-trained grammars, for learning new
grammars from semantically annotated corpora,
and for linguistically analysing learnt grammars1.

The research reported on in this paper corrob-
orates the scalability of a number of fundamental
construction grammar conjectures. First and fore-
most, it confirms the feasibility of learning large-
scale, broad-coverage construction grammars from
corpora of language use. It provides a scalable
operationalisation of the bootstrapping of human-
interpretable constructions along with construction-
specific grammatical categories, and confirms that
large-scale grammars can be operationalised with-
out formally distinguishing between substantive
and non-substantive constructions. Finally, it re-
visits the close relationship between constructions
and frames and shows that a broad coverage of (at
least) English argument structure can be achieved
through shallow generalisations alone.

2 Methodology

The input to the grammar learning process consists
in utterances that have been annotated with both
their syntactic and their semantic structure. The
specific instantiation of the method discussed in
this paper was developed for English and starts
from constituency analyses on the syntactic side
and PropBank rolesets on the semantic side. The
choice for constituency structures and PropBank
rolesets was made following both theoretical and
pragmatic considerations. Theoretically, the choice
for a frame-semantic representation subscribes to a
rich tradition in both cognitive linguistics (Fillmore,
1976; Langacker, 1987; Baker et al., 1998) and
artificial intelligence (Minsky, 1974; Schank and
Abelson, 1977). The choice for PropBank rolesets
specifically was made based on the availability of
substantial corpora with systematic and exhaustive

1See https://fcg-net.org/fcg-propbank.

annotations, in particular OntoNotes (Weischedel
et al., 2013) and English Web Treebank (EWT)
(Bies et al., 2012). The choice for constituency
structures was made considering that each role in
a PropBank annotation always covers the lexical
material held by a constituent and that accurate and
reliable constituency parsers, such as the Berke-
ley Neural Parser (Kitaev and Klein, 2018), are
available for English.

A schematic example of a single annotated utter-
ance from the training corpus is shown in Figure
1. The left side of the figure shows the utterance
“Old Li Jingtang still tells visitors old war stories.”
(OntoNotes CCTV) along with its syntactic struc-
ture as obtained using spaCy’s implementation of
the Berkeley Neural Parser2 (somewhat condensed
and simplified for illustrative purposes). The top-
right part of the figure shows the utterance’s frame-
semantic structure as annotated in the corpus. The
utterance contains a single instance of the tell.01
roleset (‘pass along information’). In this instance,
“tells” takes up the role of frame-evoking element
(v) and “Old Li Jingtang”, “old war stories” and
“visitors” respectively take up the core roles of arg0
(‘speaker’), arg1 (‘utterance’) and arg2 (‘hearer’).
The adverb “still” was annotated as a temporal
modifier (argm-tmp) to the roleset instance. The
definition of PropBank’s tell.01 roleset is shown
in the bottom-right part of the image for reference.
Given the focus of this paper on argument struc-
ture, we will exclusively focus on the core roles
of PropBank roleset instances, i.e. roles that are
described in the PropBank frame repository3 and
thereby end in a number.

Let us now take the perspective of the learning
algorithm, of which the ultimate goal is to learn
a construction grammar that captures the relation-
ship between the form and the meaning of English
utterances. On the highest level, the algorithm goes
through the training corpus once and proceeds ut-
terance by utterance and roleset instance by roleset
instance. For each roleset instance, and we will
further follow the example introduced in Figure
1, it looks up the constituent node in the syntactic
annotation that corresponds to the frame-evoking
element in the semantic annotation. In this case, the
algorithm establishes that the frame-evoking v role
is taken up by a node named ‘unit-6’. In the same
way, it retrieves the correspondence between the

2See https://spacy.io.
3See https://propbank.github.io/v3.4.0/frames/.
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semantic annotation

v:                “tells”
arg0:           “Old Li Jingtang”
arg1:           “old war stories”
arg2:           “visitors”
argm-tmp:  “still”

roleset: tell.01
string:  “Old Li Jingtang still tells visitors old war stories.”
pos:     sentence

unit-1

syntactic annotation

string:  “Old Li Jingtang”
pos:     np

unit-2
string:  “still”
pos:     rb

unit-3
string:  “tells visitors old war stories”
pos: vp

unit-4

string:  “visitors”
pos:     np

unit-7

string:  “.”
pos:     .

unit-5

string:  “tells”
pos:      verb
lemma: tell

unit-6
string:  “old war stories”
pos:     np

unit-8

propbank reference

arg0:  speaker
arg1:  utterance
arg2:  hearer

tell.01 - pass along information

Figure 1: Schematic illustration of the input to the learning process, which consists for each utterance of a syntactic
annotation in terms of constituency structure (left) and a semantic annotation in terms PropBank rolesets (right).

arg0 role and ‘unit-2’, the arg1 role and ‘unit-8’,
and the arg2 role and ‘unit-7’. The algorithm then
builds three new constructions that are connected
through categorial links:

Frame-evoking construction and category The
first construction that is built will serve the pur-
pose of recognising potential frame-evoking el-
ements in a constituency structure. Technically,
the construction will look for any node with the
same lemma and part-of-speech (pos) tag as those
held by the syntactic node that was identified to
take up the v role in the roleset instance being pro-
cessed. This is shown on the right side of Figure
2, where the feature-value pairs ‘lemma: tell’ and
‘pos: verb’ are taken over from ‘unit-6’ in the in-
put structure. When this construction identifies
a node that matches these feature-value pairs, it
will contribute the two feature-value pairs shown
on the left side of the figure to this node in the
structure. The ‘roleset’ feature, which at this point
takes an unbound variable as its value, indicates
the frame-evoking potential of the node. The ‘fe-
cat’ feature (short for ‘category of frame-evoking
element’) introduces a new category that is proper
to this construction and that is thereby indicative
of the occurrence of this specific combination of
lemma and part-of-speech tag. The value of the
‘fe-cat’ feature is mnemotechnically named after
the observed combination of lemma and part-of-
speech tag, in this case ‘tell(verb)’. It might seem
somewhat counter-intuitive that the construction
does not bind the value of the ‘roleset’ feature to
the annotated tell.01 roleset label. The reason is
that the frame-evoking construction should merely
identify occurrences of the lemma tell as a verb
and indicate their frame-evoking potential, while

tell(verb)-cxn

lemma:  tell
pos:       verb

?tell-unit
roleset: ?rs
fe-cat:  tell(verb)

?tell-unit

Figure 2: Schematic illustration of the frame-evoking
tell(verb)-cxn learnt from the input structures shown
in Figure 1. This construction identifies uses of the verb
‘tell’ and indicates their frame-evoking potential.

making at this point no commitment towards spe-
cific rolesets they might evoke. For example, the
construction that was built here might later be used
to indicate the frame-evoking potential of the verb
‘tell’ in utterances such as “I could not tell them
apart.” where the tell.02 roleset is evoked rather
than the tell.01 roleset. Note that logical vari-
ables in constructions are indicated by a preceding
question mark and that unit names in constructions
are always logical variables. Indeed, it would make
no sense to refer directly to the names of nodes
in the input structure, as these do not carry any
meaning apart form providing unique identifiers to
nodes.

Argument structure construction and category
The second construction that is built will serve the
purpose of linking specific nodes in a syntactic
structure to the core roles (i.e. roles ending in a
number) that these nodes take up in a roleset in-
stance. Technically, the construction will look for a
specific constellation of nodes in a syntactic struc-
ture that shares certain structural properties with
the syntactic annotation in the training example.
These structural aspects concern first of all the part-
of-speech tags of the nodes that were identified to
take up a core role in the annotated roleset instance
that is being processed. This is illustrated in Fig-
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ure 3, in which the units ‘?arg0-unit’, ‘?arg1-unit’
and ‘?arg2-unit’ each hold the feature-value pair
‘pos: np’ as taken over from ‘unit-2’, ‘unit-8’ and
‘unit-7’ in the input structure respectively. Then,
a unit is added that represents the node that was
identified as taking up the ‘v’ role in the roleset
instance. This unit does not incorporate a specific
part-of-speech tag, but matches on an ‘fe-cat’ fea-
ture that should previously have been contributed
to the structure by a frame-evoking construction
(such as the tell(verb)-cxn above). Crucially,
the value of this feature is not the same as the one
that was contributed by this frame-evoking con-
struction. Instead, a new category is introduced
that is unique to the argument structure construc-
tion being built, along with a link between the cat-
egories of the frame-evoking construction and the
argument structure construction in the construc-
tion network. In this way, the argument structure
construction is not tied to a particular frame or
roleset, but merely captures the correspondence
between structural aspects of the syntactic and se-
mantic representations that are used. In our ex-
ample, the ‘fe-cat’ matched by the ‘?v-unit’ in
the argument structure construction is mnemotech-
nically called ‘arg0(np)-v(v)-arg2(np)-arg1(np)-1’
after the syntactico-semantic argument structure
pattern that the construction captures. The link
between ‘arg0(np)-v(v)-arg2(np)-arg1(np)-1’ and
‘tell(verb)’ that is added to the construction network
indicates the compatibility of both constructions,
or in other terms, that this particular ditransitive
construction is likely to be a good candidate for
assigning a semantic role layout for frames evoked
by the verb ‘tell’. A final structural element that is
incorporated into the construction concerns the syn-
tactic pathways through which the core role units
are connected with the frame-evoking unit. Each
syntactic pathway takes the form of a chain of units
solely represented by means of their part-of-speech
tag, along with the information of whether the next
unit in the chain is either a parent or a child of
the previous unit. For example, the ‘?arg0-unit’ is
connected to the ‘?v-unit’ up through a ‘pos: sen-
tence’ unit and then down through a ‘pos: vp’ unit.
Likewise, the ‘?arg1-unit’ and the ‘?arg2-unit’ are
connected to the ‘?v-unit’ up through a ‘pos: vp’
unit and then down to the frame-evoking unit. Note
that while the visualisation of the construction in
the figure lays out this constellation of units and
pathways in the form of a tree, word order con-
straints are only incorporated where the pathways

arg0(np)-v(v)-arg2(np)-arg1(np)-cxn-1

argst-cat: 
   arg0(np)-v(v)-                    
   arg2(np)-arg1(np)-1
roles: 
   v:       ?v-unit
   arg0: ?arg0-unit
   arg1: ?arg1-unit
   arg2: ?arg2-unit

?v-unit

fe-cat: 
   arg0(np)-v(v)-               
   arg2(np)-arg1(np)-1

?v-unit

pos: np
?arg0-unit

pos:  sentence
?s-unit

pos: vp
order: 
   {precedes(?arg2-unit, 
                    ?arg1-unit)}

?vp-unit

pos: np
?arg2-unit

pos: np
?arg1-unit

Figure 3: Schematic illustration of the argument
structure construction arg0(np)-v(v)-arg2(np)-
arg1(np)-cxn-1 learnt from the structures in Figure
1. This construction identifies a particular type of
ditransitive utterance and labels the constituents that
take up the roles of v, arg0, arg1 and arg2.

connecting core role units with the frame-evoking
unit would otherwise be indistinguishable. In the
case of our ditransitive construction, this is the case
for the pathways between the frame-evoking unit
on the one hand and the ‘?arg1-unit’ and ‘?arg2-
unit’ on the other. This is detected by the algorithm
and a precedence constraint between the two units
is therefore incorporated into the construction, stat-
ing that it is only applicable if the ‘np’ representing
the arg2 precedes the ‘np’ representing the arg1.

If this syntactic constellation matches the syntac-
tic structure of a given input utterance, the construc-
tion will contribute two new top-level features to
the frame-evoking unit in the structure. The ‘argst-
cat’ feature holds the category proper to this argu-
ment structure construction, which was also used
for matching the ‘fe-cat’ of the ‘?v-unit’ through
the construction network. The ‘roles’ feature lists
for each core role in the roleset projected by the
construction the unit that represents the constituent
that spans the part of the utterance that takes up
this role. For example, the value of the ‘arg2’ sub-
feature of the ‘roles’ feature is the variable ‘?arg2-
unit’, which is bound to the unit that can be syntac-
tically identified by starting at the frame-evoking
element, going up to a ‘pos: vp’ unit and down
to a ‘pos: np’ unit that precedes another ‘pos: np’
unit. Note that this construction projects a role-
set layout without committing to a particular role-
set label (such as tell.01), and without incorpo-
rating a particular frame-evoking element (such
as ‘tell(verb)’). The algorithm has at this point
only learnt that this ditransitive argument structure
construction is compatible with occurrences of the

216



verb ‘tell’ and represents this knowledge through
a link to the tell(verb)-cxn in the construction
network. Later however, it might learn to link this
construction to other frame-evoking constructions
and reuse it for utterances that feature the same
syntactico-semantic correspondence but use differ-
ent frame-evoking elements, such as “Let me give
you an introduction” (OntoNotes CCTV).

Roleset construction and category The last con-
struction that is built will serve the purpose of at-
tributing a specific roleset label to a roleset instance
that was constructed by the combination of a frame-
evoking construction and an argument structure
construction. As illustrated in Figure 4, such a
construction will look for a unit that holds at least
two features: an ‘fe-cat’ feature contributed by a
frame-evoking construction and an ‘argst-cat’ fea-
ture contributed by an argument structure construc-
tion. A new category that is proper to the roleset
construction is created, and both features take this
category as their value. At the same time, two
compatibility links are added to the construction
network. The first link connects the category of the
roleset construction (‘tell.01’) to the category of
the frame-evoking construction (‘tell(verb)’) and
the second link connects the category of the role-
set construction (‘tell.01’) to the category of the
argument structure construction (‘arg0(np)-v(v)-
arg2(np)-arg1(np)-1’). When the roleset construc-
tion identifies a unit of which both the ‘fe-cat’ and
the ‘argst-cat’ are compatible, it will contribute the
tell.01 roleset label as the value of the ‘roleset’
feature in that unit. The choice for attributing a
particular roleset is thus determined by both the
frame-evoking element and the argument structure
in which it appears. When more links are later
added to the grammar network as more training
examples are processed, the same tell.01 con-
struction can be reused in combination with other
frame-evoking or argument structure constructions
to process utterances such as “Ah, why should you
come out if you were told not to?” (OntoNotes
CCTV).

Let us now have a closer look at how the con-
structions that were learnt can readily be used
to process the previously unseen yet construc-
tionally similar utterance “First, Moses told the
people every command in the law.” (OntoNotes
NT). First of all, the spaCy-BeNePar parser is
called to provide a syntactic analysis of the ut-
terance. This analysis is shown in a condensed

tell.01-cxn

fe-cat:       tell.01
argst-cat:  tell.01

?tell-unit

roleset: tell.01
?tell-unit

Figure 4: Schematic illustration of the roleset construc-
tion tell.01 learnt from the structures in Figure 1. This
construction attributes the tell.01 roleset to roleset
instances identified by connected frame-evoking and
argument structure constructions.

form under step 1 in Figure 5. Then, Fluid
Construction Grammar’s construction application
process starts. The tell(verb)-cxn detects that
‘unit-7’ matches the features ‘lemma: tell’ and
‘pos: verb’, indicates its frame-evoking poten-
tial, and contributes the frame-evoking category
‘tell(verb)’ to the unit (step 2 ). After that,
the arg0(np)-v(v)-arg2(np)-arg1(np)-cxn-1
is able to match its unit schema with the cur-
rent structure, under the condition that its ‘?v-
unit’, ‘?s-unit’, ‘?arg0-unit’, ‘?vp-unit’, ‘?arg2-
unit’ and ‘?arg1-unit’ are respectively bound to
‘unit-7’, ‘unit-1’, ‘unit-4’, ‘unit-5’, ‘unit-8’ and
‘unit-9’ in the input structure, and that its ‘arg0(np)-
v(v)-arg2(np)-arg1(np)-1’ category is linked to the
‘tell(verb)’ category through the construction net-
work. The blue line that connects both construc-
tions indicates that this condition is fulfilled. The
construction now contributes its ‘argst-cat’ and ex-
plicitly lists ‘unit-7’, ‘unit-4’, ‘unit-9’ and ‘unit-
8’ as respectively taking up the roles of v, arg0,
arg1 and arg2 in the roleset instance identified by
the tell(verb)-cxn (step 3 ). The tell.01-cxn
matches its ‘tell.01’ category through the ‘fe-
cat’ feature with the category contributed by the
tell(verb)-cxn and through the ‘argst-cat’ fea-
ture with the category contributed by the argument
structure construction. The three constructions
are indeed linked in a triangular way in the con-
struction network, as indicated by the dark blue
lines. The tell.01-cxn then binds the value of
the ‘roleset’ feature to tell.01 (step 4 ). Finally,
the roleset instance is extracted from the structure,
formalising that a ‘pass along information’ event
took place, in which “Moses” took up the role of
‘speaker’, “every command in the law” the role of
‘utterance’ and “the people” the role of ‘hearer’
(step 5 ). For a discussion of how such construc-
tions can be used by a hybrid symbolic/distribu-
tional processing engine, we refer the interested
reader to Verheyen et al. (2025).
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?tell-unit = unit-7string:  “First, Moses told the people every command in the law.”
pos:     sentence

unit-1

input

string:  “First”
pos:     rb

unit-2
string: “Moses”
pos:    np

unit-4
string:  “told the people […] in the law”
pos: vp

unit-5

string:  “the people”
pos:     np

unit-8

string:  “.”
pos:     .

unit-6

string:  “told”
pos:      verb
lemma: tell

unit-7
string:  “every […] in the law”
pos:     np

unit-9

tell(verb)-cxn

lemma:  tell
pos:       verb

?tell-unit
roleset: ?rs
fe-cat:  tell(verb)

?tell-unit

2

string:   “told”
pos:       verb
lemma:  tell
roleset:  ?rs
fe-cat:    tell(verb)

unit-7’

tell.01-cxn

fe-cat:       tell.01
argst-cat:  tell.01

?tell-unit

roleset: tell.01
?tell-unit

?s-unit = unit-1
?arg0-unit = unit-4
?vp-unit = unit-5

?arg2-unit = unit-8
?arg1-unit = unit-9

string:     “told”
pos:         verb
lemma:    tell
roleset:    ?rs
fe-cat:      tell(verb)
argst-cat: arg0(np)-v(v)-
                 arg2(np)-arg1(np)-1
roles: 
   v:       unit-7
   arg0: unit-4
   arg1: unit-9
   arg2: unit-8

unit-7’’

1

arg0(np)-v(v)-arg2(np)-arg1(np)-cxn-1

argst-cat: 
   arg0(np)-v(v)-                    
   arg2(np)-arg1(np)-1
roles: 
   v:       ?v-unit
   arg0: ?arg0-unit
   arg1: ?arg1-unit
   arg2: ?arg2-unit

?v-unit

fe-cat: 
   arg0(np)-v(v)-               
   arg2(np)-arg1(np)-1

?v-unit

pos: np
?arg0-unit

pos:  sentence
?s-unit

pos: vp
order: 
   {precedes(?arg2-unit, 
                    ?arg1-unit)}

?vp-unit

pos: np
?arg2-unit

pos: np
?arg1-unit

3

4

output

v:        “told”
arg0:  “Moses”
arg1:  “every command in the law”
arg2:  “the people”

roleset: tell.01

5

string:     “told”
pos:         verb
lemma:    tell
roleset:    tell.01
fe-cat:      tell(verb)
argst-cat: arg0(np)-v(v)-
                 arg2(np)-arg1(np)-1
roles: 
   v:       unit-7
   arg0: unit-4
   arg1: unit-9
   arg2: unit-8

unit-7’’’

?v-unit = unit-7’

?t
ell

-u
nit

 =
 u

nit
-7

’’ arg0(np)-v(v)-arg2(np)-arg1(np)-1 ~ tell(verb)

te
ll.0

1 
~ 

ar
g0

[…
](n

p)
-1

te
ll.0

1 
~ 

te
ll(v

er
b)

string:  “,”
pos:     ,

unit-3

Figure 5: Schematic illustration of the frame-evoking tell(verb)-cxn, the ditransitive
arg0(np)-v(v)-arg2(np)-arg1(np)-cxn-1 and the roleset-attributing tell.01-cxn combining to pro-
cess the previously unseen utterance “First, Moses told the people every command in the law.”. The blue lines
connecting the three constructions symbolise their interconnection in the construction network.

The learning algorithm follows the same proce-
dure for learning constructions for each roleset an-
notated in each utterance of a given corpus. When-
ever a construction would be built that already ex-
ists in the construction network (up to renamings
of variables and categories), a link to the existing
construction is added to the construction network
rather than a duplicate construction. The frequency
of occurrence of both constructions and links is
tracked in the construction network during train-
ing. The construction network captures thus exactly
how frequent its different constructions are, as well
as how frequently they combine with each other.

3 Learning a Grammar for English

We apply the methodology to the combination
of two English corpora for which high-quality
PropBank annotations are available: OntoNotes
(Weischedel et al., 2013) and the English Web Tree-
bank (EWT) (Bies et al., 2012). The PropBank-
annotated OntoNotes corpus comprises various
genres of text ranging from news and talk shows to
weblogs and conversational telephone speech. The
English part of the corpus consists of 137,812 ut-
terances annotated with 390,266 roleset instances.
The PropBank-annotated EWT corpus (Pradhan
et al., 2022) also comprises multiple genres of text,

including weblogs, newsgroups, email, reviews,
and question-answer pairs. It consists of 16,579
English utterances annotated with 50,562 roleset
instances4. Together, the combined corpus con-
tains 154,391 utterances, annotated with a total of
440,528 roleset instances.

The resulting grammar consists of a network of
40,688 constructions, of which 9,800 are frame-
evoking constructions, 22,568 are argument struc-
ture constructions and 8,320 are roleset construc-
tions. When it comes to their frequency of oc-
currence, the constructions in the network follow
a Zipfian distribution, i.e. the same distribution
as the one observed for the lexical items of a lan-
guage (Zipf, 1936, 1949; Piantadosi, 2014). This
means that the frequency of occurrence of a con-
struction is approximately inversely proportional to
the rank of the construction in a table in which all
constructions are sorted by decreasing frequency.
Interestingly, this observation also holds for each
group of constructions in isolation, including the
group of argument structure constructions, which
are not tied to specific lexical items or other sub-
stantive material. The Zipfian distribution of the
constructions in the network is visually shown in
Figure 6. The left graph plots the frequency of the

4See the LDC2013T19 and LDC2012T13 documentation.
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constructions in function of their rank on a log-log
scale, where the near-straight lines are indicative
of a power law relationship between the frequency
of constructions and their rank. The right graph
displays the frequency of the 50 most frequent con-
structions on a linear scale, clearly showing their
short-head, long-tail distribution. Just like it has
been observed that about half of the words in large
linguistic corpora are hapax legomena (Malmkjaer,
2004; Kornai, 2008), we observe that almost half
of the constructions of the network (48.4%) occur
only once in the corpus (see Appendix A for more
detailed frequency counts).

The constructions of the grammar network are
interconnected through categorial links, of which
the weights indicate how often each combination
of constructions has been observed in the train-
ing corpus. The network thereby holds a trove of
empirical information about the frequency of par-
ticular syntactico-semantic usage patterns. Let us
consider for instance the ditransitive double ob-
ject construction. We can straightforwardly query
the grammar network for those rolesets that are
most typically associated with this construction
(give.01 (650), tell.01 (128), show.01 (62), ...,
win.01 (1)) and indeed observe that explain.01
is not in this list (cf. Goldberg, 2019). Interest-
ingly, while tell.01 (‘pass along information’)
integrates frequently with the double object con-
struction, the tell.02 roleset (‘distinguish, deter-
mine’) never does. The network reveals that this
roleset is instead strongly associated with construc-
tions that syntactically express its arg1 role by
means of a subclause (“couldn’t tell whether...”,
“can tell that ...”). This could be taken as evi-
dence that argument structure constructions sub-
stantially influence the lexical meaning of verbs,
in our example in particular that the ‘transfer’ as-
pect in the meaning of the tell.01 is contributed
by the ditransitive construction that it combines
with rather than by the verb ‘tell’ itself. A differ-
ent question to which the grammar network can
provide a straightforward answer concerns the sim-
ilarity of constructions in terms of their frequency
of combination with other constructions. For ex-
ample, the frame-evoking constructions in the net-
work that are closest to the tell(verb)-cxn in
terms of their co-occurrence with the argument
structure constructions of the grammar are the
ask(verb)-cxn, the remind(verb)-cxn and the
teach(verb)-cxn, while the swim(verb)-cxn
and the consist(verb)-cxn are among the most

Precision Recall F1 score
Roleset 76.15 76.36 76.25
Frame 79.85 80.07 79.96

Table 1: Performance of a ‘pure’ grammar on the task of
semantic frame extraction (1,000 held-out utterances).

distant ones5.
While the primary goal of the method is to pro-

vide a deeper insight into the language, the fact that
the learnt grammars are fully formalised within
the Fluid Construction Grammar framework also
facilitates its use for mapping previously unseen
utterances to PropBank roleset instances. In order
to evaluate the performance of our method on this
semantic frame extraction task, we split the corpus
into a test portion of 1,000 randomly selected utter-
ances and a train portion of the remaining 153,391
utterances. We learn a new grammar from the train-
ing set, apply it to the utterances of the test set,
and evaluate the extracted rolesets against the gold
standard annotations of the corpus. Our method ob-
tains a word-level precision of 76.15% and a recall
of 76.36%, yielding an F1-score of 76.25. When
evaluating on the level of frames rather than role-
sets, where it suffices to predict the correct frame
rather than the exact roleset (e.g. have instead of
have.03 or have.07), it obtains a word-level pre-
cision of 79.85% and a recall of 80.07%, yielding
an F1-score of 79.96. Note that this evaluation
establishes the baseline performance of a ‘pure’
grammar network, without any task-specific opti-
misation such as fine-tuning of heuristics or elimi-
nation of low-frequency and greedy constructions,
which falls outside the scope of this paper.

4 Integration with PyFCG

The method presented in this paper has been in-
tegrated into the open-source Fluid Construction
Grammar framework through the fcg-propbank
subsystem. We briefly demonstrate its usage
through the PyFCG Python library. A more ex-
tensive walk-through tutorial is available at https:
//fcg-net.org/fcg-propbank.

Let us first consider the use of an off-the-shelf,
pre-trained grammar. After importing and initial-
ising the PyFCG module, we create an agent of
class fcg.PropBankAgent. We download a pre-

5We compute the similarity of constructions in terms of
their weighted cosine similarity, where two nodes with the
exact same weighted links to all other nodes would be perfectly
similar.
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Figure 6: Frequency of constructions as a function of their rank in the frequency table, revealing their Zipfian
distribution. Complete grammar network on log-log scale (left) and 50 most frequent constructions on linear scale
(right).

compiled grammar for English from the FCG dis-
tribution and load it into our agent.
>>> import pyfcg as fcg
>>> fcg.init()
>>> pb_pretrained = fcg.PropBankAgent ()
>>> f = fcg.load_resource('pb-en.fcg')
>>> pb_pretrained.load_grammar_image(f)
>>> pb_pretrained
<Agent: (id: agent -1) ~ 21052 cxns >

Our agent can now use its pretrained grammar
to comprehend new utterances, such as “Margaret
Thatcher was elected Prime Minister of Britain.”
(News on the Web corpus 19-12-08-US; Herbst and
Hoffmann, 2024). The resulting meaning repre-
sentation reveals that the agent identified a single
semantic frame that instantiates the elect.01 Prop-
Bank roleset (‘elect someone to an office or posi-
tion’). The agent also understood that the roles of
‘candidate’ (arg1) and ‘office or position’ (arg2)
in this instance of elect.01 are respectively taken
up by “Margaret Thatcher” and “Prime Minister
of Britain”.
>>> pb_pretrained.comprehend("Margaret

Thatcher was elected Prime Minister
of Britain.")

[{'roleset ': 'elect .01', 'roles':
[('v',"elected"), ('arg1',"Margaret

Thatcher"), ('arg2',"Prime Minister
of Britain")]}]

Let us now create a second agent, again as
an instance of the fcg.PropBankAgent class, but
let it learn a new grammar from corpus data in-
stead of loading a pre-trained one. After hav-
ing downloaded an example CoNNL file, in
which a number of English sentences are anno-
tated with PropBank rolesets6, we call the agent’s

6Due to licensing restrictions, we are not able to provide
large PropBank-annotated corpora as downloadable PyFCG
resources. We invite interested readers to obtain such corpora

learn_grammar_from_conll_file method. This
call initiates the learning process as described in
Section 2 and equips the agent with the resulting
grammar. In this case, the agent has learnt two
frame-evoking constructions (for verbs with the
lemmas give and send), two roleset constructions
(for the rolesets give.01 and send.01), and two
argument structure constructions (a double object
and a prepositional dative construction).
>>> pb_learner = fcg.PropBankAgent ()
>>> f = fcg.load_resource('pb-

annotations.conll')
>>> pb_learner.

learn_grammar_from_conll_file(f)
>>> pb_learner
<Agent: (id: agent -2) ~ 6 cxns >
>>> list(pb_learner.grammar.cxns.keys())
['give(v)-cxn', 'send(v)-cxn',
'give.01-cxn', 'send.01-cxn',
'arg0(np)+v(v)+arg2(np)+arg1(np)-cxn',
'arg0(np)+v(v)+arg1(np)+arg2(pp)-cxn']

We now instruct our agent to comprehend a pre-
viously unseen utterance, using the grammar it just
learnt, by calling its comprehend method. While
comprehending the utterance “The King of the Bel-
gians sent a box of chocolates to Forrest Gump.”,
the agent identifies an instance of the send.01
(‘give’) roleset, with “The King of the Belgians”
as the ‘sender’ (arg0), “a box of chocolates” as the
‘thing sent’ (arg1) and “to Forrest Gump” as the
‘sent-to’ entity (arg2).
>>> pb_learner.comprehend("The King of

the Belgians sent a box of
chocolates to Forrest Gump.")

[{'roleset ': 'send .01', 'roles': [('v',
"sent"), ('arg0', "The King of the
Belgians"), ('arg1', "a box of
chocolates"), ('arg2', "to Forrest
Gump")]}]

(e.g. OntoNotes or EWT) directly from the Linguistic Data
Consortium.
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5 Background and Related Work

Construction grammar has often been associated
with the in-depth analysis of isolated linguistic phe-
nomena that are in some way ‘quirky’ or at least
difficult to account for in terms traditional grammat-
ical analysis (cf. Fillmore et al., 1988; Jackendoff,
1997; Kay and Fillmore, 1999; Bergs, 2018; Hilpert
and Bourgeois, 2020). However, as Fillmore (1988,
p. 36) explains, the analysis of such “non-central
constructions” in isolation was always envisioned
as a means to achieve a deeper understanding of
the “mechanics of the grammar as a whole” rather
than constituting an end in itself. Today, efforts on
scaling construction grammar are ongoing on three
main fronts.

A first front is concerned with constructicogra-
phy (Lyngfelt et al., 2018b), i.e. the curated in-
ventorisation of the constructions of a language,
along with the formulation of construction defi-
nitions and the annotation of example constructs.
Constructicographical resources are currently be-
ing developed for different languages, including
English (Fillmore et al., 2012), German (Ziem et al.,
2019), Swedish (Lyngfelt et al., 2018a), Russian
(Janda et al., 2020), Japanese (Ohara, 2018) and
Brazilian Portuguese (Laviola et al., 2017). A sec-
ond front is concerned with the formalisation and
algorithmic processing of construction grammars.
Beuls et al. (2021) present a human-engineered con-
struction grammar for the extraction of causation
frames from English texts. Micelli et al. (2009) and
Dodge et al. (2017) leverage FrameNet to extend
the coverage of human-engineered seed grammars,
and van Trijp (2017) has developed a model that
combines hand-crafted grammatical constructions
with lexical items sourced from lexical resources.
Approaches that have taken a more explicit usage-
based perspective, by learning construction gram-
mars from semantically annotated data (Chang,
2008; Gerasymova and Spranger, 2010; Spranger
and Steels, 2015; Doumen et al., 2024; Beekhuizen,
2015) or from situated communicative interactions
(Nevens et al., 2022; Beuls and Van Eecke, 2024),
have so far only yielded grammars with a very lim-
ited coverage (see Doumen et al., 2025). A third
front is concerned with the automatic extraction
of re-occurring patterns from corpora of language
use. Originally, data-driven methods were devel-
oped that learn partially abstract, re-occurring se-
quences of words and part-of-speech tags (Wible
and Tsao, 2010; Forsberg et al., 2014; Barteld and

Ziem, 2020). More recent methods extract minimal
sets of constructional patterns that can combine in-
formation across different levels of linguistic anal-
ysis as annotated in a corpus or obtained through
distributional methods (Dunn, 2017, 2022).

In addition, a diverse body of relevant work is
somewhat more distantly related. The method of
collostructional analysis (Stefanowitsch and Gries,
2003) statistically models the attraction and repul-
sion of lexemes with respect to grammatical pat-
terns of interest as observed in corpus data. The
CASA framework (Herbst and Hoffmann, 2024)
provides a pedagogical method for systematically
analysing utterances in terms of the constructions
they instantiate. Popular annotation schemata have
been extended to better capture information at the
constructional level, in particular Abstract Mean-
ing Representation (Bonial et al., 2018, 2026) and
Universal Dependencies (Weissweiler et al., 2024).
Finally, it has in the meantime become common-
place to investigate the linguistic capabilities of
large language models using construction grammar
as an underlying framework (Tayyar Madabushi
et al., 2020; Weissweiler et al., 2022; Bonial and
Tayyar Madabushi, 2024; Boguraev et al., 2025).

6 Conclusion

This paper has introduced a method for learning
large-scale, broad-coverage construction grammars
from corpora of language use. Starting from ut-
terances annotated with constituency structure and
semantic frames, the method facilitates the learning
of vast networks of human-interpretable construc-
tions that capture the relationship between syntactic
structures and the frame-semantic relations they ex-
press. We have applied the method to a multi-genre
corpus of English texts, have shown how the learnt
grammars can both qualitatively and quantitatively
support the usage-based, constructionist study of
language, and have demonstrated the grammar’s
operationality by using it for semantic frame ex-
traction on new data.

We are convinced that the trove of information
embedded in these grammars offers a new range
of opportunities for large-scale, usage-based con-
struction grammar research. To support this, we
have released with this paper a series of pre-trained
grammars, accompanied by scripts for processing
new data using existing grammars, for learning new
grammars from semantically annotated corpora,
and for linguistically analysing learnt grammars.
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Limitations

The main limitation of the method introduced in
this paper concerns its reliance on an external
constituency parser, which at times can introduce
inconsistencies that are difficult to recover from
downstream. In particular, the method cannot cor-
rectly identify PropBank role instances in utter-
ances wherever these do not correspond to con-
stituents in the trees yielded by the parser.

We have so far only applied the method to En-
glish corpora that were annotated with constituency
structures and PropBank rolesets. Extensions of
the method to other widespread syntactic and se-
mantic annotation schemata, such as Universal De-
pendencies and Abstract Meaning Representation,
remain to be explored. Such extensions would be
particularly useful when addressing languages that
are typically not analysed in terms of constituency
structure, but for which other utterance-level syn-
tactic and semantic annotations are available.

The PropBank annotation scheme always asso-
ciates rolesets with specific lexical items. Aspects
of meaning that are contributed by non-substantive
constructions, e.g. in the case of resultative ("Fire-
fighters cut the child free."), depictive ("He left the
bar drunk.") or caused-motion constructions ("The
teacher shouted the children into a queue.") remain
unannotated in the training corpus and are conse-
quently not picked up by the grammar. Ongoing
work on the integration of constructional rolesets
into AMR (cf. Bonial et al., 2018, 2026) shows
promise in overcoming this limitation.

The evaluation of the method on the task of se-
mantic role extraction that we reported on in the
paper was done solely with the goal of demonstrat-
ing the coverage of a ‘pure’ grammar on new data.
The results should be considered a baseline that
was obtained without task-specific optimisations or
fine-tuning of particular heuristics (cf. Van Eecke
et al., 2022).
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A Grammar Report
--------------------------------------------
GRAMMAR REPORT FOR PROPBANK-LEARNED
(<hashed-fcg-construction-set: 40,688 cxns>)
--------------------------------------------
Number of constructions:

All cxns: 40,688
Frame-evoking cxns: 9800
Argument structure cxns: 22,568
Roleset cxns: 8320

--------------------------------------------
Individual construction frequency information:
All cxns:

Absolute frequency: 1,117,581
Mean frequency: 27.47
Median frequency: 2
Number of non-hapax cxns: 21,004 of 40,688

Frame-evoking cxns:
Absolute frequency: 372,527
Mean frequency: 38.01
Median frequency: 3
Number of non-hapax cxns: 6,523 of 9,800

Argument structure cxns:
Absolute frequency: 372,527
Mean frequency: 16.51
Median frequency: 1
Number of non-hapax cxns: 8,703 of 22,568

Roleset cxns:
Absolute frequency: 372,527
Mean frequency: 44.77
Median frequency: 3
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Number of non-hapax cxns: 5,778 of 8,320
--------------------------------------------
Construction network information:

Average degree (argst-roleset): 6.35
Average degree (fe-roleset): 1.46
Average degree (fe-argst): 5.47

--------------------------------------------
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