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Abstract

Despite substantial recent progress in many areas of NLP, semantic tasks remain particularly challenging.
One such task is the creation (extension, or annotation) of semantic ontologies. In this work, we present
a case study on the eventive SynSemClass ontology, focusing on the challenges of semantic annotation —
that is extending the ontology with new lexical units and/or new concepts — both with and without automatic
support. We consider two strategies for generating annotation suggestions: (i) a knowledge-driven approach
based on a small, carefully curated corpus of verbal valency frames, and (ii) a corpus-driven approach using
lemma-based suggestions from a large raw text collection, disregarding semantic homonymy. Our findings show
that ontology annotation is inherently difficult, and that automatic annotations statistically significantly reduce this
difficulty both in terms of inter-annotator agreement and when compared with gold expert annotations. We discuss
the implications for semantic resource creation and extension, as well as the limits of automation in ontology annotation.
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1. Introduction

Semantic annotation often faces significant chal-
lenges, including annotation complexity, language
ambiguity, and difficulty achieving a rigorous eval-
uation. In this work, we present a case study of
the SynSemClass (UreSova et al., 2025) eventive
concept ontology which represents a hierarchy of
concepts (and corresponding words for express-
ing them in multiple languages) denoting events or
states.

In order to achieve a consistent semantic anno-
tation, comparison of methods, and rigorous eval-
uation, we consider several levels of increasingly
more extensive machine-assisted annotation and
either a manual or automatic evaluation procedure.

The annotation setting was either purely man-
ual or using a hybrid approach: annotating both
manually and automatically at once, that is, em-
ploying human annotators as well as automatic
systems. Moreover, automatic suggestions were
generated from two resources: a knowledge-driven
approach based on a relatively small, curated cor-
pus of verb senses, and a corpus-driven approach
using lemma-based suggestions.'

The evaluation procedures were manual or auto-
matic, where the manual evaluation (Hinze et al.,
2019) should compare human annotations with
gold annotations provided by an expert who en-
sures correctness and provides insightful feedback

"The lemmas in the large corpus have been derived
from the raw text by an automatic POS tagger and lem-
matizer UDPipe (Straka and Strakova, 2017).

to annotators, while automatic metrics are based on
measures such as inter-annotator agreement be-
tween annotators, precision, recall, and F1 against
a gold standard.

The variety of experimental settings in our study
allowed us to ask the following questions:

* How difficult is semantic annotation of
events and states? We examine this both
with and without automatic assistance from
deep learning models trained on large text cor-
pora and investigate the predicting factors for
semantic annotation difficulty.

* How does sense ambiguity affect automatic
suggestions quality? We expect the quality
of automatic suggestions based solely on the
surface lemma to decline as the number of
senses per lemma increases.

* What type of automatic annotation sug-
gestions is more beneficial? When should
we prefer suggestions derived from a smaller,
expertly annotated corpus, and when those
based on surface-lemma patterns from a much
larger raw corpus?

* Does the number of suggestions improve
automatic suggestions quality? We investi-
gate whether increasing the number of candi-
date suggestions leads to measurable gains
in quality.

Our experiments reveal that semantic ontology
annotation is challenging; however, our analysis
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demonstrates that automatic suggestions signifi-
cantly improve both inter-annotator agreement and
annotators’ alignment with the expert control sam-
ple manually annotated by the annotation lead.

Furthermore, we find that knowledge-based sug-
gestions extracted from a carefully curated, albeit
smaller, corpus of verbal senses are superior to
automatic suggestions based on surface lemmas
harvested from a vastly larger raw corpus. This
advantage arises because support derived solely
from text naturally declines as semantic ambiguity
increases.

2. Background

The tasks described in this work involve annotation
aimed at extending a semantic ontology in which
the classes are semantic notions of (types or con-
cepts of) events or states. Before describing the
case studies in detail, we provide concise back-
ground information on the original resource.

2.1,

The semantic annotation evaluation described here
is used for extending the SynSemClass (SSC) hier-
archical, eventive concept ontology. The ontology
links its entries called “classes” to several existing
lexical resources with similar goals. Each class
corresponds to a “concept” of an event or state,
and is populated with words possibly expressing
the concept (in several languages), effectively form-
ing a “multilingual synonym class” (UreSova et al.,
2025). A SSC class can be exemplified by the class
behave (Fig. 1).

The SynSemClass ontology further links the se-
mantic behavior of classes (concepts) with the syn-
tactic (valency) structure of the words associated
with the class. The relation is captured by map-
ping the semantic roles that are part of every class
description to the various valency frames? as de-
fined for the individual words (verbs) in the class. In
this regard, the SynSemClass classes with seman-
tic roles are a more “semantic” type of “frames”,
generalizing over the more (morpho-)syntactically-
oriented valency frames.

The SynSemClass classes are annotated in
Czech, English, German, and Spanish. This case
study describes the work on extending the Czech
part.

SynSemClass Resource

2.2. The Annotation Process

The annotation process for the enrichment of
SynSemClass ontology consists of three main

2Each valency frame usually presents one verbal
sense. Accordingly, the terms frame and sense are
treated as synonymous in this context.

Hierarchy concept: Manner of Conduct (2.9.11.4)

Roleset: Protagonist®'; Mannerd®- +
Classmembers:
= act (EngVallex-ID-ev-w42f2) +
ACT; #altfMANN,COMPL,CRIT] +
FN: Conduct/act.v
%% pehave (EngVallex-ID-ev-w235f1) H
ACT; #altfMANN,CPR,CRIT] +
FN: Conduct/behave.v
5% carry (EngVallex-ID-ev-w445f17_u_nobody) +
ACT|PAT; MANN +
oneself
FN: NM
b= chovat se (PDT-Vallex-ID-v41bbsA) [+
ACT; #alt[BEN,MANN,ACMP,CRIT,REG,CPR] +
L] jednat (PDT-Vallex-ID-v41bhrD) +|
ACT, #alt[BEN,MANN,ACMP,CRIT,CPR,AIM] +
L postupovat (PDT-Vallex-ID-v41gofD) +
ACT:, #alt[BEN,LOC , MANN,MEANS ACMP,CRIT,REG,CPR] +
b= ydélat (PDT-Vallex-ID-v41mhqS) [+
ACT, DPHRJ[dobre, Iépe, nejlépe] +
Idiom, indicated by the restricted DPHR.
dobre, Iépe, nejlépe
L] vystupovat (PDT-Vallex-ID-v410ziF) H
ACT; MANN +
- agieren (SynSemClass-ID-vec00225-deu-cm00002) +
SA0; SA1 +

™ auffiihren, sich (SynSemClass-ID-vec00225-deu-cm00004)

SAD; SA1 +
™= auftreten (SynSemClass-ID-vec00225-deu-cm00056) +
SAQ; SA1 +

- benehmen, sich (SynSemClass-ID-vec00225-deu-cm00005)
SAQ; SA1 +

— gebéarden, sich (SynSemClass-ID-vec00225-deu-cm00066) [+

SAD; SA1 +
™ handeln (VALBU-ID-400548-2) [+
VAO; VA1 +
- verhalten, sich (VALBU-ID-401021-1) H
VAO; VA1 +
= actuar (AnCora-ID-actuar-1) +
arg0; argM P
= comportar (AnCora-ID-comportar-2) [+
arg0; argM +

Pronominal
comportarse

Figure 1: Simplified example of the class behave

stages:

+ A. Preparation Unprocessed valency frames
from PDT-Vallex 4.5 (UreSova et al., 2024) are
selected and automatic suggestions are gen-
erated (or no suggestions are applied for Task
1). These suggestions are produced using
corpus-based methods or language models,
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depending on the task setup (see Sect. 4).

 B. The First Annotation Phase (covering the
tasks described in this paper). The prepared
data are presented to the annotators whose
task is, using their linguistically and cognitively
based judgment:

1. To select (assign) one of the suggested
classes, propose some other class of the SSC
5.5 classes, or indicate that the suitable class
is not present in the ontology yet. This is con-
sidered the key annotation step.

2. To specify possible restrictions or notes for
the selected classes, where applicable.

3. To assign the appropriate hierarchical con-
cept under which the new class (for the valency
frames without any suitable synonymous class
in the current SynSemClass version) should
be added (typically a new sub-concept for a
more specific subset of an existing concept
must be created).

+ C. The Second Annotation Phase (frame
annotations) is not part of the present study;
therefore, this stage is not described here.

3. Production of Suggestions

We follow the pre-annotation approach by Strakova
et al. (2023) who fine-tuned a multilingual language
model for extending one of the previous versions
of SynSemClass (Uresova et al., 2022).

Our pre-annotation model is a fine-tuned multi-
lingual RemBERT model (Chung et al., 2021) with
559M trainable parameters. The objective of the
model is to estimate the probability for an input sur-
face lemma in a sentence context to belong to each
of the 1511 SynSemClass classes. For training the
model, we used the examples of verbs assigned to
classes from the already annotated SynSemClass
sentences (UreSova et al., 2025). We adopted
the training hyperparameters from Strakova et al.
(2023).

During inference, the model harvests new exam-
ple sentences containing the new verbs from a cor-
pus and estimates the probability of the SynSem-
Class classes. The top K (K = 5) predicted classes
are then presented to the annotators.

For inference, we used two sources of input sen-
tences: For the lemma-based suggestions, we col-
lected new example sentences representing the
surface lemmas corresponding to the annotated
valency frames from the SYN v4 (Hnatkova et al.,
2014), (Kfen et al., 2016). As a lemma can rep-
resent a manifestation of several valency frames,
we expect this approach to produce weaker sug-
gestions especially for lemmas with many valency
frames. Therefore, we also employed the PDT-C

2.0 (Mikulova et al., 2026) (Haji¢ et al., 2024). The
verbs in this corpus are manually annotated with
their valency frames, which allows for exact target-
ing of the example sentences for each input frame.

4. Annotation Process Details

In the annotation, we worked with three groups of
words (more precisely, with word senses according
to the PDT-Vallex version 4.5 valency lexicon) not
found in the SynSemClass ontology. In general, the
groups differed among each other along two main
axes: semantic ambiguity, determined by the num-
ber of valency frames per word (its lemma), and
the presence or absence of the automatic class
suggestions. Highly ambiguous words (lemmas)
have been defined as those with three or more va-
lency frames (corresponding roughly to the word’s
senses) in the PDT-Vallex 4.5 valency lexicon. For
each group, we have devised a task:

+ Task 1: High-Amb Without Suggestions — In
this task, we processed valency frames that fall
under a highly ambiguous lemma (with an av-
erage of 17.85 frames per lemma). They were
processed entirely manually without the use
of any automatic suggestions. The reason for
such an approach was that these frames were
not covered by the manually curated corpus
PDT-C 2.0, having thus no example sentences
for determining the context needed for gener-
ating the suggestions. For the comparative
evaluation statistics, we excluded erroneous
PDT-Vallex 4.5 frames and frames with multi-
ple meanings.®

» Task 2: Low+High-Amb With Suggestions —
In this task, we processed the valency frames
covered in sentence examples from PDT-C 2.0,
which allowed us to provide annotators with an-
notation suggestions. The following setup was
applied: a) for frames with a highly ambigu-
ous lemma (avg. 17.04 frames per lemma),
the annotators received suggestions provided
by a fine-tuned LLM based solely on PDT-C
2.0 sentence examples; b) for the frames be-
longing to low-ambiguity lemmas (avg. 1.31
frames per lemma), the annotators received
not only suggestions provided by a fine-tuned

3For Light Verb Constructions (LVCs), i.e., frames con-
taining a CPHR slot with multiple words, whose meanings
determined the assignment to SynSemClass classes.
For example, the LVC “mit pocit, predstavu, vzpominku”
(to have a feeling, an idea, a memory) is formally repre-
sented as one frame - “ACT (1) CPHR ({pocit, predstava,
vzpominka, ...}.4),” representing three meanings of “citit”
(to feel), “pfedstavovat si” (to imagine), and “vzpominat”
(to remember). This would require more complicated
evaluation measure(s).
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Task1 Task2 Task?2 Task3
Ambiguity High High Low Low
Annotated 463 614 380 354
Shared 441 68 99 349
Annotators 6 4 4 4

Table 1: Number of frames annotated by at least
one annotator, number of shared frames (valid for
the study), and number of annotators in the shared
annotations, across all tasks.

LLM based on PDT-C 2.0, as well as sugges-
tions based on the surface lemmas taken from
SYN v4 (Hnatkova et al., 2014).* For the eval-
uation, only a small sample of annotations pro-
cessed by multiple annotators was taken into
consideration.

» Task 3: Low-Amb With Suggestions — In
this task, we processed low-ambiguity valency
frames (avg. 1.51 frames per lemma) with-
out examples in PDT-C 2.0. The annotators
thus only received LLM suggestions based on
the lemmas taken from SYN v4, rather than
frame-based suggestions, due to the absence
of contextual examples.

Our annotators are undergraduate students and
junior researchers in the field of theoretical linguis-
tics. Our chief annotator is an internal senior lin-
guistic expert. All annotators are native Czech
speakers and have received prior training on the
same task (using data obtained through a different
pre-processing method); therefore, no additional
training was required. The annotators were com-
pensated on an hourly basis.

The final number of annotated frames is pre-
sented in Table 1.

4.1. Task 1: High-Amb Without
Suggestions

The concrete objective of Task 1 was to manually
assign each valency frame (word sense) to the ap-
propriate, existing SSC class, or, if no such suitable
class was deemed to exist, to propose a new class
and indicate its corresponding hierarchical concept
(HIC).5

4SYN v4 (Kten et al., 2016) is part of the SYN series of
synchronic corpora of written Czech compiled within the
framework of the Czech National Corpus project (CNC).
The CNC is an academic project founded in 1994 at the
Faculty of Arts, Charles University, Prague, and main-
tained by the Institute of the Czech National Corpus
(https://korpus.cz). It systematically documents
Czech and related languages, providing free access to
registered users interested in authentic language usage.

SFor further detalils on the hierarchy of classes (HICs)
in SynSemClass, see UreSova et al. (2025). In short, the

As already stated, no automatic suggestions
have been presented to the annotators, given the
absence of PDT-C 2.0 examples for the selected
frames.

The annotation materials were distributed to the
annotators as an Excel table whose header in-
cluded a description of the individual columns as
follows:

* Column A contained a frame from PDT-Vallex
4.5.

+ Column B contained the ID of the verb
(lemma).

+ Column C displayed the lemma.

* Column D indicated how many frames the
lemma had in PDT-Vallex 4.5.

» Column E showed how many of the frames in
Column D showed had not yet been processed
in SSC.

« Columns F, H, and J were reserved for the
class/classes to which the frame was as-
signed.

+ Column L recorded an alternative expression
of the frame’s meaning (a near-synonym), ide-
ally as a single word but possibly as multiple
words for clarity.

+ Column M was designated for the hierarchical
concept.

» Column N was reserved for annotators’ notes.

Columns B, C, D, and E were included for inter-
nal processing and did not require input from the
annotators.

The annotation process consisted of the following
steps:

1. Displaying the frame.

2. Understanding the meaning. The annotators
were instructed to consider the meaning of the
verb or idiomatic expression represented by
the frame and find the closest similar verbs al-
ready annotated in SynSemClass. They were
using the SSC search tool (Petliak et al., 2024)
and the tool for the SynSemClass annotation
(SynEd) (Fucikova et al., 2023). In case of
an idiomatic expression, this was recorded in
column L. For non-idiomatic expressions, the
annotators proceeded to the next step.

3. Assignment of existing classes. If one or
more classes matched the annotated frame,
they were written in descending order of appli-
cability to columns F, H, and J.

classes are organized in a hierarchy tree using “more
general’/“more specialized” relation between the HICs.
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4. Proposal of a new class. If no suitable class
was found in SSC, “x” was entered in column F,
and instead the annotators attempted to spec-
ify the HIC (in column M) under which the new
class should belong.

5. Adding notes. Column N was reserved for
annotation notes.

4.2. Task 2: Low+High-Amb With
Suggestions

In this task, valency frames with representative
sentences in PDT-C 2.0 were processed. All va-
lency frames received the frame-based sugges-
tions, and only the valency frames with a low-
ambiguity lemma (at most two senses) received
also the lemma-based suggestions.

For the second task, the annotation materials
were distributed to the annotators again as an Excel
table, where two rows were included: one with
five frame-based class suggestions and one with
lemma-based class suggestions (empty for high-
ambiguity lemmas).

The first row of the file contained the following
column headers:

e Column A: lemma,
e Column B: frame,

+ Column C: indication whether the suggestions
are frame-based (F) or lemma-based (L),

» Column D: indication of the prioritized process-
ing - For lemmas with a single valency frame in
PDT-Vallex 4.5, the lemma-based suggestions
are prioritized (marked as "1"), as they orig-
inate from a larger corpus and offer broader
coverage. In contrast, for lemmas with multi-
ple valency frames, the precedence is given
to frame-based suggestions, since they were
derived from a more precise and semantically
disambiguated corpus.

* Column E: number of frame/lemma occur-
rences found in PDT-C 2.0/SYN v4, and

» Column F: the highest-ranked suggestion
from L or F.

The remaining columns were completed by the
annotators for each lemma/frame suggestions as
follows:

» Rating of suggestions: Each of the five au-
tomatically generated suggestions in the row
were manually evaluated and annotated as ei-
ther accepted (y or r_y) or rejected (n or r_n)®
in the column adjacent to the suggestion.

5The r_ prefix means “rather” (yes or no), or a “weak”
accept or reject.

+ Overall verdict: In column G, the annota-
tor indicated whether any of the suggestions
were applicable (x); whether all suggestions
were rejected and another existing class was
proposed (class ID); or whether a new class
needed to be created for the concept (0).

4.3. Task 3: Low-Amb With Suggestions

For Task 3, an Excel table with valency frames, hav-
ing at most two senses per lemma in PDT-Vallex
4.5, has been prepared. This file followed the same
format as that used for Task 2 and contained all
relevant information for each frame, including the
lemma, the frame identifier, and other details. Since
these valency frames were not used in PDT-C 2.0
example sentences, only lemma-based sugges-
tions were provided in Task 3. The annotators
reviewed the five automatic suggestions and con-
firmed or adjusted them, similar to Task 2.

5. Results

5.1. Automatic Suggestions Quality

Before carrying out the main analysis, we assessed
the quality of the automatic suggestions using infor-
mation retrieval evaluation measures implemented
in pytrec_eval, a Python interface to TREC’s
evaluation tool (Van Gysel and de Rijke, 2018). Ta-
ble 2 shows recall and mean average precision
(MAP) of the five automatic suggestions offered to
the four annotators (upper part) and to the expert
annotator (lower part). Each suggestion was explic-
itly annotated as accepted or rejected by each of
the four annotators, allowing them to accept up to
five suggestions. As the recall at 5 exceeded 60%
in all tasks with suggestions, we proceeded with
further analysis. In the gold data annotated by the
chief annotator, only one gold class was selected,
leading to overall lower recall and MAP scores of
the automatic suggestions. Task 1 was annotated
in the most complicated setting (high ambiguity,
without presented suggestions) and as these verbs
were not covered in PDT-C 2.0, only lemma-based
suggestions were generated and evaluated ex-post
(marked with T). We discuss the challenges of
lemma-based suggestions in the high-ambiguity
setting in Section 5.3.

5.2. The Effect of Frame-Based
Suggestions on Annotation Quality

Table 3 shows inter-annotator agreement (IAA,
Fleiss’ Kappa) between annotators in both low- and
high-ambiguity annotation settings, with and with-
out suggestions. The IAA for Task 1 annotated
without automatic support is modest, at 39.73. This
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Task 1

Task2 Task?2 Task3

Ambiguity High High Low Low
Suggestions  Without ~ With With With
Type L F L+F L
Suggestions vs. annotations (up to 5 selected)
Recall 26.44" 6210 67.11 61.66
MAP 18.041  50.47 4516 44.77
Suggestions vs. gold (1 selected)
Recall 23.64" 4194 42.86 40.24
MAP 16.59f 32,85 28.79 27.57

Table 2: Recall and Mean Average Precision (MAP) at rank 5 of automatic suggestions quality for
low- and high- semantic ambiguity conditions, measured against four annotators (upper) and gold data
by expert annotator (lower). “F” stands for frame-based suggestions from PDT-C 2.0, “L” for lemma-
based suggestions from SYN v4. T marks annotation without suggestions evaluated against suggestions

generated ex-post.

Task1 Task2 Task2 Task3
Amb. High High Low Low
Suggest. None F L+F L
IAA 39.73 47.88 57.70 49.15
Acc. 5480 64.34 71.72 66.33

Table 3: Inter-annotator agreement (Fleiss’ Kappa)
and Accuracy w.r.t. gold data annotated by annota-
tion lead on the first class choice.

is unsurprising, since annotators must correctly as-
sign one of the 1511 semantic ontology classes or
decide that a new concept should be created.

The crucial question is whether and how the se-
mantic annotation benefits from the addition of au-
tomatic suggestions. Our first experiment there-
fore starts with an addition of highly curated, pu-
tatively precise suggestions from manually anno-
tated frame corpus. A comparison between a high-
ambiguity Task 1 annotated without suggestions
and similarly highly ambiguous Task 2 annotated
with the frame-based suggestions shows an in-
crease of the IAA on the first class choice from
39.73 t0 47.88.7

However, inter-annotator agreement can be prob-
lematic, since multiple annotators may produce
divergent interpretations of the same annotation.
Therefore, we believe that manual evaluation consti-
tutes a central element for the evaluation of seman-
tics, and we compared the same two sets against
the gold annotations by a chief annotator. In com-
parison against the expert annotations, the anno-
tators improved in accuracy on first class choice
from 54.80 to 64.34.8

"statistically significant at o = 0.05 with p = 0.001
using Welch’s two-sample t-test

8statistically significant at o = 0.05 with p = 0.029
using Welch’s two-sample t-test

5.3. Challenges of Lemma-Based
Suggestions

A highly curated, manually annotated resource with
valency frames is rare and may not cover all cases.
We now turn our attention to suggestions based on
surface lemma extracted from a large unannotated
corpus.

An immediate caveat is that suggestions based
on surface lemmas inevitably conflate distinct se-
mantic senses, an effect likely to be more pro-
nounced under highly ambiguous experimental con-
ditions. We hypothesize that frame-based sugges-
tions will disambiguate better than lemma-based
ones, but, on the other hand, the frame-based sug-
gestions might be less robust as they are harvested
from a limited resource® compared to a larger unan-
notated corpus.’®

To evaluate the severity of the expected trend,
we had annotators manually accept or reject five
suggestions in Task 2 and Task 3. For Task 1 an-
notated without suggestions at the time of annota-
tion, we generated the suggestions on the side and
evaluated them against the independently chosen
classes ex-post. Indeed, Figure 2 clearly demon-
strates almost linear decline of quality of annota-
tions based on surface lemmas with increasing
ambiguity (orange and blue line), while, on the con-
trary, the quality of frame-based suggestions holds
(green line). This happens despite the vast differ-
ence in sizes between the resources.

Another piece of supporting evidence of the
frame-based suggestions superiority is the in-
crease of |AA between the Task 3 annotated with
supplied lemma-based suggestions and the Task
2 annotated with both frame-based and lemma-

9175k sentences with 367k annotated frames of the
PDT-C 2.0 tectogrammatical layer
Ofirst 3.35M sentences of SYN v4
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Recall and Data Distribution by Number of Frames per Lemma
60+
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20 —® Task 1High (L)
Task 2 Low (L)
104 —&— Task 2 Low+High (F)
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1 Bl Task 1 High (L)
. Task 2 Low (L)
[ | B Task 2 Low+High (F)
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o

Frames annotated

o
|

1 2 3 4 5 6 7 8 9 10+
Number of frames per lemma

Figure 2: Recall at rank 5 for automatic sugges-
tions, shown as a function of semantic ambiguity.
Categories with fewer than 7 instances were ex-
cluded due to high variance.

based suggestions from 49.15 to 57.70 (Fleiss’
Kappa), and the corresponding increase in accu-
racy against the expert annotator’s gold data from
66.33 to 71.72.

Despite the expected decrease in the quality
of lemma-based suggestions compared to frame-
based ones, we still consider the lemma-based
suggestions to be useful. In future work, we plan
to examine the annotation process with lemma-
based suggestions in a low-ambiguity domain and
compare it to annotation without any suggestions
in the same setting. Furthermore, it will be valu-
able to directly compare Task 1 (no suggestions),
Task 2 (frame-based suggestions), and a new task
(lemma-based suggestions) in a high-ambiguity en-
vironment. Such an experiment is becoming in-
creasingly relevant as annotation extends to lan-
guages that lack resources containing example
sentences with manually annotated frames or with
disambiguated word senses.

5.4. Suggestion Quantity and Recall

We are also interested in the optimal number of
suggestions presented to the annotators, studying
how this number affects the recall of the correct
ontology class. Figure 3 shows an increasing trend
in recall as the number of retrieved suggestions
grows. Note that annotators fully annotated exactly
K = 5 presented suggestions. For K > 5, we
adopt a strict approach for partial information re-
trieval metrics: a class is considered positive only
if it was explicitly selected by an annotator (i.e., the
annotator rejected all five presented classes and
freely suggested a new class, consistent with a re-
trieved class that was not initially presented). All
other classes are considered negative, even though
an annotator might have selected them if they had
been presented.

Recall at K
T

704 i
1
65 !
L
60 4 / H

554

Recall

50

454

409 o —#— Task 2 Low (L+F)
Task 2 High (F)
—A— Task 3 Low (L)

—=~ Presented suggestions

354

1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
|

1 2 3 4 5 6 7 8 9 10
Number of retrieved suggestions per frame (K)

Figure 3: Recall with respect to number of retrieved
automatic annotation suggestions (K). Annotations
for K > 5 are only partial.

Figure 3 further shows that recall begins to
plateau before K = 5, indicating that the chosen
cutoff adequately captures most of the achievable
recall. Additional suggestions beyond this point are
likely to yield only marginal improvements while
increasing the annotation effort.

6. Related Work

The work described here relates closely to various
lexical resources that include similar information
as SynSemClass, namely, information on syntactic
and semantic patterns of English verbs and infor-
mation on hierarchical relations among their con-
cepts. Examples of such sources are WordNet
(WordNet, 2010), (Fellbaum, 1998), EuroWordNet
(EuroWordNet Consortium, 1998), (Pianta et al.,
2002a; Ellman, 2003), VerbNet (Schuler et al.,
2023), (Schuler, 2006), or FrameNet (Baker et al.,
1998). Also, various ontologies of events, such
as BabelNet (Navigli and Ponzetto, 2010), or The
Rich Event Ontology (Brown et al., 2017). As far
as we are aware, none of these have used LLM-
based preprocessing either for their initial creation
(understandingly, given the timeframe) or for their
extension.

Recent studies increasingly explore the inter-
action between ontologies and LLMs to improve
knowledge representation, alignment, and ontology
engineering. LLMs have been used successfully
to support ontology matching and alignment tasks,
combining structural and lexical information with
retrieval-augmented or self-training approaches.
LLMs have been successfully applied to ontology
matching by combining lexical and structural in-
formation and using retrieval-augmented or self-
training approaches.

Early works such as OLala (Hertling and Paul-
heim, 2023) demonstrated the feasibility of zero-
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shot and few-shot prompting for ontology alignment.
More recent systems, including Giglou et al. (2024),
Song et al. (2025), and Nguyen et al. (2025), inte-
grate context generation and retrieval-based tech-
nigues to improve semantic matching. Hybrid ap-
proaches such as Giglou et al. (2025) further com-
bine LLMs with knowledge graph embeddings, il-
lustrating how symbolic and neural representations
can complement each other in ontology engineer-
ing. Except for the last one, none of the works have
been used in a similar context to ours, and none
for Czech.

Mikulova et al. (2022) evaluates the effect of
automatic parser and/or linguistically-based (rule-
formulated) checks on the same data available to
the annotators, and their influence on annotation
quality and efficiency. This experiment (on Czech
language) confirmed that the pre-annotation is an
efficient tool for faster manual syntactic annotation
which increases the consistency of the resulting
annotation without reducing its quality.

Strakova et al. (2023) investigated the use of
fine-tuned language models for pre-annotating data
by adding descriptive verbs to SynSemClass 4.0
(Uresova et al., 2022). Building on their approach
to generating automatic pre-annotations from sur-
face lemmas, we extend the method by incorporat-
ing knowledge-driven pre-annotations based on a
small, carefully curated corpus of verbal valency
frames. This setup enables a direct comparison
of the usefulness of data-driven and knowledge-
driven sources of pre-annotations. While the main
outcome of Strakova et al. (2023) was a confirmed
correlation between automatic scores and human
annotations, our work goes further by directly com-
paring inter-annotator agreement (IAA) and accu-
racy against gold-standard data. We also reveal the
limitations of lemma-based suggestions in settings
with high ambiguity.

7. Conclusions

We extended the SynSemClass ontology with 1,811
words (more precisely, valency frames correspond-
ing to those words’ senses) in three annotation
tasks differing in the degree of ambiguity and the
type of automatic suggestions. At least four anno-
tators worked on a shared subset of 957 frames,
which enabled an analysis of the impact of auto-
matic annotation support. We conclude that:

+ Both inter-annotator agreement and accuracy
(measured against the chief annotator’s gold
data) increased statistically significantly when
using knowledge-driven, frame-based sugges-
tions derived from corpus sentences with man-
ually annotated valency frames.

+ Suggestions based on surface lemmas in sen-

tence contexts pose challenges, despite be-
ing sourced from a much larger corpus. We
showed that their quality declines as ambigu-
ity increases, in contrast to the stable perfor-
mance of frame-based suggestions.

» The five annotation suggestions presented rep-
resent a satisfactory balance between recall
and annotation cost.

Building on previous findings and the prelimi-
nary lemma-based experiments, we assume that
lemma-based suggestions still provide benefits for
low-ambiguity verbs with only one or two possible
meanings. Future work should therefore include
a direct comparison between annotation with and
without lemma-based suggestions for such verbs.

The SynSemClass project description including
its history and previous releases is available at
https://ufal.mff.cuni.cz/synsemclass, with a browser
for the latest SynSemClass 5.5 version available at
https://lindat.mff.cuni.cz/services/SynSemClass55.

For full replicability, the code and data used
for this analysis are available on GitHub at
https://github.com/ufal/SynSemClassLREC2026,
and as a snapshot of the repository
hosted by the LINDAT/CLARIAH-CZ LRI at
http://hdl.handle.net/11234/1-6112.
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10. Limitations

The greatest limitation of this study lies in the de-
sign of the annotation tasks, which were optimized
primarily to streamline the annotation process. This
resulted in an incremental experimental setup, pro-
gressing from Task 1 through Task 2 to Task 3.
While this design enabled clear and direct com-
parisons between annotations without automatic
support and those assisted by frame-based sug-
gestions in a high-ambiguity environment, it also in-
troduced certain constraints. In particular, it limited
our ability to directly evaluate lemma-based sug-
gestions in low-ambiguity contexts. Nevertheless,
the experiments provided valuable insights into the
challenges of applying lemma-based suggestions
under high ambiguity and facilitated a comparison
with frame-based suggestions under the same con-
ditions.

Furthermore, this study was limited to Czech data
only. Future research should examine whether the
findings generalize to other languages.
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