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Abstract
The use of LLM-based applications as a means to accelerate and/or substitute human labor in the creation of
language resources and datasets is a reality. Nonetheless, despite the potential of such tools for linguistic research,
an evaluation of their performance and impact on the creation of annotated datasets, especially under a perspectivized
approach to NLP, is still missing. This paper contributes to the reduction of this gap by reporting on an extensive
evaluation of the (semi-)automatization of FrameNet-like semantic annotation by the use of an LLM-based semantic
role labeler. The methodology employed compares annotation time, coverage, and diversity in three experimental
settings: manual, automatic, and semi-automatic annotation. Results show that the hybrid, semi-automatic annotation
setting leads to increased frame diversity and similar annotation coverage, when compared to the human-only setting,
while the automatic setting performs considerably worse in all metrics, except for annotation time, which remains similar.
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ceptual and linguistic analysis within the FrameNet
model: it both validates how Lexical Units (LUs), de-
fined as the pairing of a word with a specific frame,
instantiate the frames they evoke, and yields se-
mantically labeled datasets, which can be further
used in several applications.
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their corresponding frame elements in context. This .

fine-grained approach has produced a high-quality

resource, but at the cost of scalability: expanding E;

coverage across domains and languages demands ov

considerable amounts of human effort and time. evaluation

Early studies on FrameNet-based semantic role
labeling (Gildea and Jurafsky, 2000) have already
pointed out that the lack of large annotated corpora Figure 1: Experiment design
constrained model performance.
Recent advances in large language models
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(LLMs) have opened new possibilities to reduce
human workload in annotation tasks. Various re-
search studies claim that such models demonstrate
strong zero-shot and few-shot performance in anno-
tation tasks (Brown et al., 2020). Others compare
model performance to that of crowd workers in dif-
ferent annotation tasks (Gilardi et al., 2023).

Despite their potential, LLM-based annotation
systems also pose significant risks. Baumann et al.
(2025) show that subtle prompt or configuration
changes can distort labels and introduce biases, a
phenomenon they call LLM hacking. In large-scale
tests, even state-of-the-art models produced incor-
rect or misleading annotations in roughly one third
of cases. Such errors can propagate into down-
stream analyses, leading to false or exaggerated
findings. The results by Baumann et al. (2025)
highlight the need for rigorous human oversight
and validation in LLM-assisted settings.

The question under investigation in this paper
is whether LLMs can be used as assistants to
facilitate, accelerate, and improve the quality of
FrameNet annotation. Integrating these capabil-
ities into FrameNet workflows could, in theory,
significantly lower the annotation barrier, align-
ing FrameNet with contemporary data-driven NLP
while preserving its linguistic depth and inter-
pretability. This semi-automatic approach, leverag-
ing LLM-based automated annotation with human
validation, may represent a viable path toward sus-
tainable, large-scale FrameNet growth in the era of
generative Al.

In this paper, we present an experiment designed
to explore the semi-automation of FrameNet anno-
tation through the use of LOME (Large Ontology
Multilingual Extraction) (Xia et al., 2021). LOME
is an open-source LLM-based system which in-
cludes a FrameNet-semantic parser based on XLM-
RoBERTa (Conneau et al., 2020). Our approach
integrates LOME-generated suggestions into the
human annotation workflow, allowing annotators
to validate, correct, refine, or delete the automati-
cally proposed frame and frame element labels, as
shown in Figure 1. We hypothesize that such semi-
automatic annotation can accelerate the FrameNet
annotation process while maintaining quality. Be-
yond time efficiency, we also investigate whether
machine-assisted annotation influences the diver-
sity of frame interpretations and the perspectiviza-
tion inherent to FrameNet annotation. Because
FrameNet frames often encode viewpoint and con-
ceptual stance, evaluating how automatic sugges-
tions interact with these perspectivist aspects is
essential to understand the epistemological impact
of Alin the construction of human-curated language
resources and datasets.
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2. FrameNet Annotation: a
Perspectivized Approach to
Semantic Role Labeling

Frame Semantics (Fillmore, 1982) proposes that
linguistic meaning emerges from our ability to in-
terpret expressions against structured conceptual
backgrounds known as frames. A frame represents
a schematic scene, such as a commercial transac-
tion, a motion event, or a perception event, along
with its participants, props, and internal relations.
Words evoke these frames, activating the knowl-
edge structures necessary for comprehension.

Within this theoretical model, perspective plays
a central role. Language does not simply encode
objective situations; it construes them from specific
points of view (Trott et al., 2020). In FrameNet, such
perspectival distinctions are formally represented
through frame-to-frame relations, for example, Com-
merce_buy and Commerce_sell are distinct per-
spectives on the more general Commerce_goods—
transfer frame.

The Berkeley FrameNet project (Fillmore et al.,
2003) implemented these ideas computationally
by building a lexicon organized around frames and
their frame elements (FEs), which correspond to
the participants and attributes of each situation.
For each frame, the database stores: (i) the set
of core and non-core FEs in each frame; (ii) the
lexical units (LUs)—pairings of words and senses
that can evoke the frame; and (iii) a network of
frame-to-frame relations that encode conceptual
dependencies such as inheritance or perspective.
This whole data structure is based on corpus evi-
dence obtained from annotation.

There are two types of text annotation in
FrameNet: lexicographic and full-text. In lexico-
graphic annotation, sentences are queried in cor-
pora with the aim of attesting the syntactic and se-
mantic affordances of a given LU, which is known
to evoke a given frame. In the process of select-
ing examples to be annotated, it is common that
annotators choose those in which the frame be-
ing annotated is clearly represented. On the other
hand, in full-text annotation, the goal is to annotate
every LU in a given text. Annotators should read
the text and select the appropriate frame for every
lexeme which is a potential annotation target. Each
LU thus yields its own Annotation Set (AS), so that
a single sentence often generates multiple ASs
targeting different LUs. This method places the
focus on the broader discourse context, ensuring
that all frame-evoking expressions in the text are
represented. Because Frame Semantics assumes
that different lexical items referring to the same
conceptual scene impose distinct perspectives, full-
text annotation naturally reveals these perspectival
contrasts within coherent discourse. Lexicographic



annotation, on the contrary, is restricted to sen-
tences selected to exemplify the valence patterns
of a single predetermined LU, which limits the emer-
gence of cross-frame perspective relations within
the same text.

Crucially, FrameNet annotation differs from other
approaches to semantic role labeling by treating
meaning as interpretive rather than categorical. Be-
cause frames are prototype-based and overlap, a
single expression may evoke more than one plausi-
ble frame depending on context. Take the sentence
in (1) as an example:

(1) Children who started going to school this
year may have jobs that are yet to be in-

vented.

The noun school may instantiate either the Goal
FE in the Mot ion frame or the Activity FE in the
Activity_start frame, depending on how one
interprets the semantics of going in the sentence.
Instead of enforcing a single correct label, the an-
notation process acknowledges that such variation
reflects legitimate differences in interpretation, mak-
ing FrameNet annotation inherently perspectivized
(Cabitza et al., 2023)."

From this standpoint, FrameNet annotation is
not merely a task of tagging arguments, but an
act of making explicit the interpretive stance that
language adopts toward experience. This per-
spectivized understanding of semantic roles under-
lies the epistemological strength of the FrameNet
model: it reveals how meaning is structured, rather
than merely what is labeled. In the context of semi-
automatic annotation, preserving this interpretive
dimension is essential. By emphasizing perspec-
tive as an integral part of meaning representation,
FrameNet offers both a theoretical and methodolog-
ical foundation for the semi-automatic annotation
approach explored in this study, one that combines
the scalability of computational methods with the
interpretive rigor of expert linguistic analysis.

3. Related Work

Recent research has explored the use of LLM-
based tools for a series of FrameNet-related tasks.

Torrent et al. (2024a) propose and evaluate a
series of prompts for using conversational LLMs for
the creation of LUs and frames. The authors rec-
ognize the potential of LLMs to augment FrameNet
coverage and expand it to other languages. How-
ever, they do not explore frame annotation.

"For this same reason, FrameNet annotation is usu-
ally not evaluated for inter-annotator agreement, since
annotations of one same sentence are expected to differ
without the need of one of them being wrong.
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Cui and Swayamdipta (2024), in turn, propose
a methodology for generating synthetic annotated
sentences from original human annotated ones.
They claim that their method can be of use in low-
resource settings but recognize its limitations in sub-
stituting human-annotated data where available.

Another group of methods approaches FrameNet
annotation more directly. Chundru et al. (2025),
Devasier et al. (2025) and Garat et al. (2025) pro-
pose methods to leverage conversational LLMs for
that purpose. However, all three proposals require
the frame and the frame elements to be included
in the prompt along with the exemplar annotations.
This type of methodology does not solve the prob-
lem of full-text annotation focused by the research
presented in this paper, since it requires sentences
to be annotated by the LLM to be previously sorted
out and organized by frame-evoking targets. More-
over, they require LUs to be already modeled in the
FrameNet database, which precludes LLM-based
automatic annotation to contribute to the expansion
of the FrameNet for which the annotation is being
performed.

Finally, several frame-semantic role labelers
have been proposed over the years, using differ-
ent computational techniques, as well as requir-
ing different levels of complexity for their training
and deployment, over the years (Das et al., 2014;
Hartmann et al., 2017; Swayamdipta et al., 2017;
Kalyanpur et al., 2020; Jiang and Riloff, 2021; Xia
et al., 2021; Tamburini, 2022; An et al., 2023). De-
spite assessing the performance of each system,
these papers did not evaluate the incorporation
of their frame parsers into an annotation pipeline.
Therefore, they are not able to provide any evalua-
tion of the impact of LLM assistance on the anno-
tator’s work.

To our knowledge, the only paper that studied
the extent to which semi-automatization affects an-
notation’s time and quality is the one by Rehbein
et al. (2009).2 In their paper, authors evaluate the
impact of automatically pre-annotating sentences
for frames and frame elements in terms of the
amount of time needed to perform the annotations
and the precision, recall and f-score for the anno-
tations. They evaluated three conditions of semi-
automatization: one in which no pre-annotation was
performed and annotators performed the whole pro-
cess, one in which a state-of-the-art frame and FE
labeler was used to pre-annotate the sentences,
and a third in which errors were manually inserted
in a gold-standard annotation. All three conditions
were tested on lexicographic annotation. Authors
concluded that pre-annotation did not have a sta-

2Rehbein et al. (2012) present a revised version of
their 2009 experiment. The only parameter whose evalu-
ation changes in comparison with the original paper is
annotation time.



tistically significant effect on annotation time, de-
spite the fact that annotators were faster under
the third annotation condition than when presented
with the unannotated sentences. As for annotation
quality, the authors conclude that pre-annotation
does improve the overall quality of the annotations.
Moreover, they investigate the influence of pre-
annotation on the types of errors human annotators
make, and conclude that the pre-annotation does
not seem to corrupt human judgments, since an-
notators make the same kinds of deviate judgment
in all three conditions, when compared to the gold
standard annotation.

The evaluation presented in this paper differs
from that by Rehbein et al. (2009) in several ways:
(a) because we recognize the perspectivized na-
ture of FrameNet annotation, we do not compare
the outcomes of either human-only, machine-only
and hybrid annotation to one gold standard refer-
ence dataset; (b) instead, we focus on measuring
the impacts of LLM-assisted pre-annotation on the
coverage, diversity, observance of minimal require-
ments and time spent on human annotation; and (c)
we conduct the evaluation on a full-text annotation
task, which yields the kind of annotated dataset
that is more useful for downstream tasks. 2 In the
next section, we detail the experiment design used.

4. Experiment Design

The experiment whose results are reported in this
paper aimed to evaluate the potential of LLM-based
tools for semi-automating FrameNet annotation.

The experiment was structured in two phases.
In Phase 1, each annotator manually annotated
their assigned sentences from scratch, following
the aforementioned guidelines. In Phase 2, sen-
tences were automatically annotated by LOME be-
fore being given to annotators. In this phase, each
annotator was asked to revise the automatic annota-
tions made to a set of sentences from the same cor-
pus. Annotators did not revise the same set of sen-
tences they annotated in Phase 1, to avoid biases
derived from previous judgments regarding some
specific sentence they had previously encountered.
Figure 1 summarizes the experiment design, which
is detailed in the following paragraphs.

Corpus The experiment used sentences from a
corpus of TV news media in Brazilian Portuguese

3Full-text annotation is more useful for the task of
automatic semantic labeling because lexicographic an-
notation biases the model’s performance toward valency
patterns that were annotated based on the annotator’s
choice, which did not necessarily cover all possible va-
lency patterns. FrameNet makes no assumptions about
statistical representativeness of lexical annotation.

(Br-Pt). The corpus comprises a total of 178 docu-
ments and 3,442 sentences. A subset of the corpus
containing 12 documents and a total of 311 sen-
tences was randomly selected. Three versions of
this subset were created: (i) one for Human anno-
tation, (ii) one for Machine annotation, and (iii) a
copy of the product of the machine annotated data
for the Machine plus Human annotation.

Human Annotation A group of five annotators,
each with intermediate experience in FrameNet
annotation, participated in the study. Each annota-
tor was assigned approximately 60 sentences, dis-
tributed over two or three different news stories from
the corpus. All annotations included frame and FE
assignment, following the FrameNet guidelines for
full-text annotation (Ruppenhofer et al., 2016) and
the FrameNet Brasil guidelines for multimodal anno-
tation of audio-oriented videos (Belcavello, 2023).
The former indicates that annotators should watch
each news story while annotating the sentences as
a way to make sure that they pick the frame con-
sidering the multimodal context. The latter means
that the annotator creates ASs for each lexeme
for which there is a LU in FrameNet, sentence by
sentence.

Machine Annotation Machine annotation was
done using LOME (Xia et al., 2021). The choice for
LOME is justified because it combines four impor-
tant features: first, it is built upon an LLM, meaning
that it leverages the potential of such models for
frame semantic role labeling; second, it does not
require any preprocessing of the sentences to be
annotated to be made before they are submitted to
the system, as it is the case with the conversational
LLMs reviewed in section 3; third, it can be trained
for any language for which there are corpora anno-
tated for FrameNet categories; fourth, it provides
annotations for both frames and FEs.*

For the experiment, we used a version of LOME
trained on existing full-text annotation in both Br-
Pt and English (En). In total, 18,170 annotated
sentences were used—12,240 in Br-Pt and 5,930 in
En—, with a rough average of 5.5 ASs per sentence
(Dutra, 2024).

The sentence annotation pipeline is as follows:

1. The sentence is parsed using the Trankit UD
parser (Nguyen et al., 2021), allowing the ex-
traction of the tokens to be used as input in
the next step. Each token has an associated
lemma and part of speech (POS).

2. The tokens are inputted into LOME for pro-
cessing. The result is a variable number of

“DAISY (Costa et al., 2022), another FrameNet-based
parser does not do FE labeling, and, therefore, could not
be used for comparison.



sets of frames and FEs, when assigned. For
each frame or FE we have the text span from
the sentence where either the target LU or the
material instantiating the FE is located.

Using the span position, the system recovers
the lemma/POS associated to each word in it.

. Using lemma/POS and the attributed frame,
the system checks if there is a LU already cre-
ated. If not, a new LU is added, evoking the
frame.

Finally, with the LU, the system creates a new
AS, indicating the FEs automatically assigned
using the LOME-defined span.

The ASs created are associated with two copies
of each sentence: one that joins the Machine an-
notation subset of the corpus, and another that
serves as starting point for the Machine plus Hu-
man annotation. The latter will be edited by the
human annotators, and the former is preserved for
comparison.

Machine plus Human Annotation Each annota-
tor received a set of sentences different from the
ones they annotated in the first phase. This time,
the sentences were pre-annotated by LOME. Anno-
tators were instructed to review and correct these
LOME-generated labels, focusing on the adequacy
of frame and FE identification.

The annotator had the following options (with
their corresponding statuses): (a) fully accept the
automatic annotation without making any correc-
tions (ACCEPTED); (b) completely reject the ma-
chine annotation by removing the AS (DELETED);
(c) replace the frame suggested in the Machine
annotation while keeping the same lemma, or ac-
cept the LU suggested by the Machine annotation
but modify (add or remove) some or all of the FEs
(UPDATED); and finally, (d) create new ASs (CRE-
ATED).

This design allowed us to compare human and
machine plus human annotation not only in terms of
speed but also in terms of adherence to FrameNet
methodology and diversity. In the following section,
we present the evaluation metrics used.

5. Evaluation Metrics

The methodology created to compare the three
annotation configurations—human only, machine
only, and machine plus human—in the experiment
sought to address two relevant aspects: the product
and the process of annotation.

The evaluation of the annotation product con-
sisted of counting how many elements were an-
notated (manually and automatically) and compar-
ing these annotations. These elements include
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documents, sentences, annotation sets (ASs), and
frame elements (FE). Still addressing the product
aspect of the annotation and aiming to identify pos-
sible impacts of each annotation configuration on
the diversity of labels used, we measured how
many unique frames are associated with each doc-
ument for each type of annotation, as well as the
average number of frames occurring in each anno-
tated sentence under each configuration. Finally,
to qualitatively compare the annotation product, the
cosine similarity between the semantic representa-
tions of each sentence (Viridiano et al., 2024) was
used. Once again, the comparison was performed
pairwise for all possible combinations of the three
annotation configurations.

Regarding the annotation process, three mea-
sures were evaluated: (i) minimal number of core
FEs in the annotation, (ii) the time spent by the
annotators in the annotation, and (iii) the types of
edits made to correct the automatic annotation in
the machine plus human condition.

Core FEs are those that directly express the se-
mantics of the frame, and they should all be present
in the annotation, except in two cases: (a) when
one core FE is in an excludes relation with one or
more FEs, and (b) when two or more FEs are in a
core set. The Self_motion frame in (2) exempli-
fies both cases.

)

Self motion

Definition: The , a living

being, moves under its own direction along
a . Alternatively or in addition to

| Path SEUl Area lf Direction 3l Source oy

for the movement may be mentioned.
Core Frame Elements:

: It is used for expressions which
describe a general area in which motion
takes place when the motion is understood
to be irregular and not to consist of a single
linear path.

Excludes: Direction, Goal, Path, Source.
: The direction that the
heads in during the mo-
tion.

: It is used for any expression which
tells where the ends up as a
result of the motion.

: It is used for any description of
a trajectory of motion which is neither a

Source [als]&Y Goal §

: It is the living being which
moves under its own power.

: It is used for any expression
which implies a definite starting-point of
motion.

FE Core Set(s): {Source, Goal, Path,



Direction}

Note that, although the self_motion frame has
eight core FEs, there can be one complete annota-
tion for this frame with only two FEs: Self_mover
and Area or Self_mover and either Source, Path,
Goal or Direction. This is so, first, because the
presence of the Area FE excludes the possibility of
any of the other locative FEs, as the odd example in
(3) demonstrates. Second, because Source, Path,
Goal and Direction are in a core set, only one of
them must be present for the frame to instantiate,
as (4) shows: the sentence is well formed with only
one of the FEs following the verb, with any com-
bination of two of them and also with all three of

them.
was running TGN [ERSERET.

(3)
4) was__running
along the road §

Hence, the minimum number of FEs that must nec-
essarily be annotated was calculated by taking into
consideration the total number of FEs in a frame
minus the ones in exclude relations and core sets,
where only one of the possible FEs was counted.
The percentage of core FEs annotated indicates
how complete an annotation is.

The time measure was taken for each AS. In the
case of human annotation, this measure consid-
ered the time spent by the annotator both to define
a new AS to be annotated—by selecting the appro-
priate LU—and to record the FEs in the AS. For the
editing of the LOME output under the Machine plus
Human configuration, the ASs had already been
created, and thus the recorded time refers to the
edits (or removals) made to each AS.

Another measure related to the annotation pro-
cess concerns the edits made to the Machine Anno-
tation during the Machine plus Human annotation,
according to the possibilities described in section
4,

6. Results and discussion

As indicated in section 4, a total of 12 documents
comprising 311 sentences were used in the ex-
periment. Each sentence has a variable number
of associated ASs. An AS indicates the Lexical
Unit (LU) associated with an expression in the sen-
tence and, at the same time, the frame evoked
by that LU. In turn, each AS is associated with a
variable number of FEs. On average, the number
of AS per document was 129 in the Human an-
notation condition, 126 in the Machine annotation,
and 160 in the Machine plus Human annotation.
This first measure reveals that, while the number
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of ASs varies very little in the comparison between
the human-only and the machine-only conditions,
it increases sensibly in the human plus machine
condition, presenting a 24% increase compared
to the human-only scenario and a 26.9% increase
compared to the machine-only setting.

Beyond the average number of ASs per sentence,
we also measured the frame diversity in each condi-
tion. The motivation behind this metric is to assess
whether the use of LLMs could interfere with hu-
man judgment when annotating, similarly to what
is investigated by Rehbein et al. (2009). Table 1
shows the number of unique frames used in each
annotation setting.> A higher number of unique
frames may be indicative that not only more AS
were created—which was the case for the Human
plus Machine condition—but also that different per-
spectives were adopted by annotators for one same
lexeme, and, therefore, that more possibilities pro-
vided by the vast number of annotation labels avail-
able in FrameNet were used.® Naturally, those two
aspects are interconnected. Data presented in Ta-
ble 1 indicate that Machine annotation is still very
limited in terms of frame diversity. Considering that,
on average, the number of frames per document
in the Human annotation and in the Machine anno-
tation is very similar, the difference in the average
number of unique frames per document—67.91
for the Human annotation versus 52.66 for the Ma-
chine annotation—and per sentence—3.80 for the
Human annotation versus 2.50 for the Machine an-
notation—is considerable. Moreover, the Machine
plus Human condition led to a higher average of
unique frames per document and a similar one per
sentence when compared with the Human annota-
tion scenario.

Table 2 can be broadly understood as represent-
ing the degree of agreement regarding the semantic
representation of each sentence in each document
between the three types of annotation. Although
the automatic annotation identified fewer frames,
the data suggest that these frames were mostly
kept in the Machine plus Human annotation con-
dition. On the other hand, the also high similarity
between the Human and the Machine plus Human
conditions indicates that human judgments were
preserved in the pre-annotated configuration. This
data will be reinforced by the findings discussed in

5The number of sentences in each document varies
across annotation conditions because, in the compari-
son, only sentences with at least one annotation set are
considered. Variations in the number of sentences can
indicate that either LOME was not able to find any frames
for a given sentence, or that a human annotator did not
associate any frame to a sentence, for any reason.

6The FrameNet Brasil database (Torrent et al., 2022),
which was used in this experiment, offers 1,429 different
frames and 13,071 different FEs for annotation.



Human Machine Machine + Human
Doc Sent | Frames | AygF/S | Sent | Frames | Avg F/S | Sent | Frames | Avg F/S
02_13 22 71 3.23 22 53 2.41 22 80 3.64
02_14 13 71 5.46 23 56 243 23 105 4.57
03_11 27 77 2.85 26 56 2.15 28 88 3.14
03_12 19 47 247 26 57 2.19 27 85 3.15
04_01 50 114 2.28 46 87 1.89 49 99 2.02
04_06 9 34 3.78 9 20 2.22 10 26 2.60
05_01 14 54 3.86 15 26 1.73 15 51 3.40
05_02 26 80 3.08 23 54 2.35 26 93 3.58
05_03 3 12 4.00 20 59 2.95 20 83 4.15
07_02 21 97 4.62 22 58 2.64 22 104 4.73
07_03 13 80 6.15 13 46 3.54 13 75 5.77
07_07 20 78 3.90 17 60 3.53 20 82 4.10
Avg 19.75 | 67.91 3.80 21.83 | 52.66 2.50 22.91 80.91 3.74
Table 1: Frame diversity across annotated documents

Doc Human vs Machine | Human vs Machine + Human | Machine vs Machine + Human

02_13 0.7199 0.7763 0.8461

02_14 0.6918 0.8267 0.8509

03_11 0.5625 0.7768 0.6927

03_12 0.6153 0.7288 0.7547

04_01 0.5686 0.6757 0.8322

04_06 0.5982 0.7080 0.7668

05_01 0.6167 0.7193 0.7520

05_02 0.6672 0.7264 0.8175

05_03 0.6835 0.7250 0.9116

07_02 0.6182 0.7752 0.7106

07_03 0.6053 0.7843 0.7186

07_07 0.6370 0.7355 0.7279

Avg 0.6320 0.7465 0.7818

Table 2: Cosine similarity between annotation methods

the end of this section.

Table 3 shows the percentage of the minimal
number of core FEs annotated per document. This
metric assesses whether the annotation respected
FrameNet methodology regarding the requirement
that core FEs are present or inferred in the sentence
for a frame to be instantiated. Data shows that hu-
man annotators excel in following the guidelines,
with 95.79% of the minimal number of FEs being
annotated. On the contrary, LOME falls short in this
metric, with only 34.20% of the minimal number of
FEs present in the annotation. This is mainly due
to the fact that LOME does not indicate inferrable
FEs—what FrameNet calls null instantiations (Rup-
penhofer et al., 2016)—in the annotation. This is
so because, as noted in section 4, LOME needs to
assign FEs to spans of text in the sentence. In the
Machine plus Human configuration, the percent-
age of minimal core FEs annotated decreases to
90.65%, which may be due some minor influence of
the pre-annotation on the human annotator’s judg-
ment about the adequacy of the annotation to the
FrameNet policy. This effect does not seem to be
very relevant, though.
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Table 4 presents the average time each anno-
tator spent for the annotation of each sentence
in each document. This metric compares the hu-
man part the Human-only condition with the human
part in the Machine plus Human annotation. For
the total of the experiment it shows that using pre-
annotation leads to a small decrease of average
time per sentence: 1.99 minutes. This indicates
that reducing annotation time seems to be not the
most compelling argument in favor of using LLM-
based pre-annotation. This conclusion replicates
the results in Rehbein et al. (2009).

Finally, Table 5 presents, in absolute and per-
centage terms, the edits annotators made to LOME
pre-annotation during phase 2. Note that the an-
notators completely discarded 19.68% of the auto-
matic annotations and fully accepted only 6.61%
of them. This indicates that pre-annotation was far
from being judged as perfect in this setting. How-
ever, while 17.5% of the ASs in the Machine plus
Human condition were created from scratch, the
majority of the ASs in the final dataset, 65.45%,
were partially used and improved by the annotators.
This finding correlates with the one presented in Ta-



Human Machine Machine + Human
Doc Core Min % Core Min % Core Min %
02_13 | 229 246 93.09 92 244 37.70 | 338 299 100.00
02_14 309 301 100.00 120 352 34.09 | 5283 491 100.00
03_11 268 296 90.54 106 267 39.70 | 350 384 91.15
03_12 | 193 248 77.82 111 360 30.83 | 358 412 86.89
04_01 578 624 92.63 186 543 34.25 | 407 567 71.78
04_06 159 128 100.00 27 99 27.27 | 130 152 85.53
05_01 210 194 100.00 49 132 3712 | 173 213 81.22
05_02 447 332 100.00 90 296 30.41 346 428 80.84
05_03 38 29 100.00 107 291 36.77 | 284 314 90.45
07_02 438 400 100.00 108 321 33.64 | 465 386 100.00
07_03 294 308 95.45 66 197 33.50 | 318 284 100.00
07_07 323 312 100.00 87 248 35.08 | 364 314 100.00
Avg 290.5 | 284.83 | 95.79 | 95.75 | 279.17 | 34.20 | 338 | 353.67 | 90.65
Table 3: Percentage of core FEs annotated
Doc Sent | Avg Length | Human Anno | Machine +Human Anno Diff
02_13 20 82.1 9.36 9.37 -0.1
02_14 14 152.64 19.01 11.03 7.98
03_11 26 101.58 4.57 9.89 -5.32
03_12 21 80.14 2.76 4.61 -1.85
04_01 43 88.07 19.17 3.23 15.94
04_06 7 101.29 16.15 6.34 9.81
05_01 13 91.08 26.91 38.12 -11.21
05_02 26 104.5 23.6 18.13 5.47
05_03 3 129.33 20.45 5.72 14.73
07_02 20 116.0 13.61 19.61 -6
07_03 13 135.85 13.77 17.68 -3.91
07_07 19 107.11 10.19 11.89 -1.7
Avg 18.75 107.47 14.96 12.97 1.99
Table 4: Average annotation time per sentence in minutes
Doc Total | ACCEPTED % CREATED % DELETED % UPDATED %
03_11 230 7 3.04 18 10.84 64 27.83 141 61.30
03_12 228 2 0.88 18 10.59 58 25.44 150 65.79
02_13 161 0 0.00 25 17.12 15 9.32 121 75.16
02_14 276 0 0.00 18 7.59 39 14.13 219 79.35
04_01 320 20 6.25 68 26.05 59 18.44 173 54.06
04_06 80 2 2.50 4 5.80 11 13.75 63 78.75
05_01 113 24 21.24 7 6.80 10 8.85 72 63.72
05_02 222 47 21.17 5 2.76 441 18.47 129 58.11
05_03 139 27 19.42 19 14.73 10 719 83 59.71
07_02 253 4 1.58 8 4.60 79 31.23 162 64.03
07_03 182 2 1.10 9 7.03 54 29.67 117 64.29
07_07 229 5 2.18 11 7.05 73 31.88 140 61.14
Avg 202.75 11.67 6.61 17.5 10.08 42.75 19.68 130.83 65.45

Table 5: Human edits on LOME annotations

ble 2, since the similar cosine similarity between the
Human and Machine plus Human conditions, and
the one between the Machine and Machine plus
Human conditions indicate partial preservation of
both the frames obtained in the pre-annotation and
the original human judgment of the sentences.
Data from Table 5, together with those in the pre-
vious tables, reinforce the idea that pre-annotation
is a valid strategy to increase the number and di-

versity of ASs, while having little impact on both an-
notation time and on the observance of FrameNet
annotation guidelines—with a small decrease in
the percentage of the minimal number of core FEs
annotated.
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7. Conclusions and outlook

The experiment reported in this paper showed that
LLM-based pre-annotation can be useful for improv-
ing the coverage of perspectivized FrameNet anno-
tation, while preserving human judgment. Although
no sensible improvement in annotation speed was
observed, the use of pre-annotation validated by
humans seems to be a viable path for fine-grained
semantic annotation.

Future work should look at least into two exten-
sions that should be adopted in the short term for
a new evaluation of the impact of LLM assistants
on FrameNet annotation.

The first is the inclusion of other types of seman-
tic role labelers—such as DAISY (Torrent et al.,
2024b), for example—in the automatic annotation
pipeline. Additional parsers could serve as a post-
processing step for LOME, aimed at adding anno-
tations LOME was unable to perform.

A second aspect concerns the adoption of stricter
policies in the annotation process to ensure that at
least the minimum number of core FEs have been
annotated (both in human and automatic annota-
tion). This implies enabling the automatic system
to record the occurrence of null instantiations when
necessary.

8. Ethical considerations and
limitations

All annotation used in the experiments, including
for the annotation sets used for training the Br-Pt
instance of LOME, was carried out by trained an-
notators who were paid a monthly stipend, which
is, at least, equivalent to the minimum wage ac-
cording to local regulations. All annotators involved
in the annotation of the corpus used in the evalu-
ation experiment reported here are co-authors of
this paper.

Among the limitations of the experiment de-
scribed, it is worth noting that all annotated sen-
tences are written in Br-Pt. However, LOME is
language-agnostic and its components are de-
signed to prioritize multilinguality. LOME employs
XLM-RoBERTa (Conneau et al., 2020) as the un-
derlying encoder, which allows the experiment to
be easily extended to other languages. Further-
more, the experiment relied exclusively on LOME
as the frame-semantic parser, but other LLM-based
semantic role labelers may be evaluated in future
work.
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