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Abstract

Semantic type mismatch between a noun and its
context is central to coercion phenomena. This
paper introduces a graph-based method to ex-
amine how lexical and contextual type informa-
tion is reflected in contextualized word embed-
dings. We select nouns from ten semantic types,
annotate corpus instances for type matching
(matching vs. coercion vs. other mismatch vs.
unrestricted), and construct graphs using BERT
and sense-enhanced BERT embeddings. Two
metrics—Neighbor Type Probability (NTP) and
Neighbor Type Entropy (NTE)—are proposed
to analyze neighborhood type distributions. Re-
sults show that graphs constructed with sense-
enhanced BERT embeddings reflect semantic
type information better, and matching and mis-
match sentences can be distinguished through
the proposed metrics.

1 Introduction

Word meaning is composed of various aspects, and
semantic type is a fundamental part of it (e.g. Mon-
tague, 1970). It is related not only to the conceptual
category of the noun but also its usage in the gram-
mar. Ideally, semantic types can be defined by the
distribution of words (Asher, 2011). For example,
the noun ‘pizza’ in (1-a) belongs to the semantic
type food and typically co-occurs with predicates
such as ‘delicious’ and ‘eat’.

(1) a. I am eating a delicious pizza.
b. I finished the pizza.

However, nouns are not always used in their pro-
totypical, literal way. The context of an instance
may require a semantic type different from that
of the noun itself. Coercion (Pustejovsky, 1993)
is a typical case of mismatch between the lexical
type, i.e. the semantic type of an instance itself
and the context type, i.e. the semantic type the con-
text requires or suggests. In a coercion sentence

like (1-b), the noun co-occurs with ‘finish’, which
typically selects for an activity rather than a food.

In this paper, we investigate how the information
about semantic types is reflected in the contextual-
ized word embeddings of noun instances, both in
typical cases of normal predication as in (1-a) and
in non-canonical cases of coercion as in (1-b). For
this purpose, we conduct a graph-based analysis of
contextualized word embeddings using cosine simi-
larity between the embeddings to connect instances
similar to each other.

We construct a dataset with nouns from ten se-
mantic types and annotate their corpus occurrences
as different types of sentences. Four possible types
of sentences are distinguished, with matching sen-
tences and coercion sentences being the main focus
of our study. A sentence is seen as a matching
sentence if the lexical type matches the contextual
type, and coercion is a typical case of mismatch
between the lexical type and the contextual type.

We experiment with different language model
embeddings: BERT embeddings (Devlin et al.,
2019) and sense-enhanced BERT embeddings
(Yavas et al., 2025). The latter is a fine-tuned vari-
ant of BERT in order to incorporate WordNet su-
persense information (Fellbaum, 1998) into the em-
beddings. WordNet supersenses correspond well
to different semantic types. In addition, we also
create graphs using masked versions of these em-
beddings, where the target word is replaced with a
[MASK] token. This allows the focus on the infor-
mation about contextual types by removing lexical
information. We propose two metrics (Neighbor
Type Probability (NTP) and Neighbor Type En-
tropy (NTE)) to quantify the distribution and di-
versity of semantic types among each instance’s
neighbors in the graph.

By comparing the neighbor types across the in-
stances within the same lexical type or the same
sentence type, we discover that graphs constructed
with sense-enhanced BERT embeddings reflect the
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semantic types better than the ones with BERT em-
beddings; the lexical types are reliably reflected
by the graphs constructed with sense-enhanced em-
beddings, while contextual types are also partially
reflected by graphs constructed with masked em-
beddings. Instances in different types of sentences
display a different pattern in terms of the types of
their neighbors. In matching sentences like (1-a),
the instances usually share the same lexical type
as their neighbors, while in coercion sentences like
(1-b) the instances exhibit a higher diversity of
types among the neighbors. These findings indicate
the effectiveness of our graph-based method.

Our method also has some potential linguistic
applications. For example, a hierarchy of seman-
tic types can be induced from the embeddings us-
ing the proposed graph-based method and metrics.
Similarly, the method and the metrics can be ap-
plied to corpus data in order to discover possible
coercion instances.

2 Related work

2.1 Coercion
Coercion has been a key challenge to the theory of
semantic types, as the lexical type of a noun in a
coercion construction conflicts with the expected
types from the context. A range of formal frame-
works have been proposed to address this challenge,
including Generative Lexicon (GL) (Pustejovsky,
1995), Type Compositional Logic (TCL) (Asher,
2015), Modern Type Theory (MTT) (Luo, 2012),
frame semantics (Chen et al., 2022), among others.

These approaches can be broadly divided into
two groups according to how they model the mech-
anisms underlying coercion. The first group, which
includes GL and MTT, assumes a shift in the se-
mantic type of the coerced instance itself. In GL,
for example, a noun instance in coercion undergoes
a type shift, as in (2), the type of the noun ‘bottle’
shifted from artifact to activity.

(2) I finished the bottle off in two gulps.

The second group, including TCL and frame se-
mantics, assumes a different semantic type not on
the coerced noun but on the predication relation,
or more generally speaking, the context around
the noun. Within frame semantics, for instance, in
(2), the noun bottle retains its type artifact, and it
is the predicate that accepts an artifact as its ob-
ject and creates an eventive reading. Despite the
richness of these theoretical proposals, computa-

tional work that directly supports or operationalizes
them remains comparatively scarce. One notable
exception is Asher et al. (2016), who applied distri-
butional models to adjective–noun composition—a
domain that includes coercive cases—and provided
evidence in favor of TCL.

2.2 Pre-Trained Language Models and
Semantic Types and Coercion

Few studies focus on whether semantic type knowl-
edge is encoded in the embeddings of pre-trained
language models. These studies train classifiers us-
ing the frozen embeddings of pre-trained language
models and show high performance (Zhao et al.,
2020; Yavas et al., 2023).

Several studies focus on coercion interpretation
with pre-trained language models based on their
word predictions and more specifically focusing on
coercion to event. Rambelli et al. (2020) investi-
gate covert event retrieval in cases of coercion in
English, evaluating several pre-trained language
models against human judgments. Their results
show that the models fail to substantially outper-
form simpler distributional models.

Gietz and Beekhuizen (2022) show that coercion
interpretation is not necessarily resolved to a sin-
gle covert event. This is evidenced by low human
annotator consensus on the underlying event for
naturally-occurring coercion sentences in English.
They test different computational models includ-
ing BERT, co-occurrence counts, prototype vector,
and example-based learning models. BERT’s per-
formance is tested using masked word prediction
and it outperforms other computational models in
both high and low consensus cases. Ye et al. (2022)
evaluate coercion interpretation in English using
masked word prediction, measuring whether the
top-1 and top-3 predictions of BERT match the
underlying covert event and they report poor per-
formance.

Radaelli et al. (2025a) investigate covert event
interpretation in coercion sentences in Norwegian
using word prediction across 17 language models.
They evaluate whether in models’ predictions plau-
sible events are ranked above less plausible ones.
Results show that models fail to systematically and
consistently rank plausible events higher, and only
few outperform a simple corpus frequency base-
line. Radaelli et al. (2025b), following Radaelli
et al. (2025a), investigate how additional context
affects coercion interpretation. While the mod-
els generally benefit from additional context, the
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Figure 1: A presumed type hierarchy of the selected
semantic types.

performance varies depending on the model. Mod-
els that struggle in context-neutral sentences show
greater improvements.

These studies investigate coercion focusing on
word predictions of the pre-trained language mod-
els. To our knowledge, our study is the first to fo-
cus on this phenomenon on the representation level.
Furthermore, these studies focus on one type of
coercion. We examine a broader range of coercion
types and investigate how semantic type relations
are more generally captured by the contextualized
word embeddings of BERT.

3 Data

We select a set T of ten semantic types for analy-
sis: T = {animal, artifact, activity, food, human,
info, location, mood, process, state}. Some of
them are ontologically related and can be grouped
into higher-level concepts. For example, human
and animal together form the superordinate cat-
egory of animate entities, while state and mood
can be subsumed under static event. A concep-
tual hierarchy of these ten semantic types is shown
in Fig. 1. These types are selected because their
prototypical instances are relatively easy to distin-
guish. Moreover, each type is presumably close (in
the ontological sense) to some types but not others,
which motivates a basic hierarchical structure. This
hierarchy is broadly compatible to some existing
taxonomies of the relevant types (e.g. WordNet
(Fellbaum, 1998)).Currently, we do not include in-
herently polysemous (dot type) nouns to ensure
that the graphs can be organized with instances
with one clear lexical type. Given suitable data,
this work can be naturally extended to dot type
nouns to see how their different lexical types are
reflected in the embeddings under different context.
We will leave that for future research.

For each type, we select five to ten relatively fre-
quent nouns. Some types have fewer nouns due to
the limited number of high-frequency examples.1

1For example, many nouns associated to the type info tend
to be more or less related to artifact.

For each selected noun, we randomly extract 20
sentences containing the noun from BookCorpus
(Zhu et al., 2015). A subset of sentences is manu-
ally removed for two reasons. First, some sentences
exhibit a similar syntactic and semantic distribu-
tion to other existing sentences. Second, certain
selected nouns are polysemous and the instance in
the extracted sentence corresponds to another sense.
After the filtering process, each noun is represented
by 10 to 16 sentences. All the selected nouns can be
found in the Table 7 and 8 in the appendix, and the
full dataset is published in https://github.com/
yavasde/Graph-Analysis-Semantic-Types.

Each sentence is annotated with information
about the semantic types related to the selected
noun independently by two annotators experienced
in semantic research on coercion and semantic
types.2 Two notions of semantic types are distin-
guished: lexical type and contextual type (abbrevi-
ated as lt and ct). Lexical type refers to the seman-
tic type of the noun itself, and contextual type refers
to the semantic type that the surrounding context
requires or suggests. In practice, the contextual
type of an instance can be inferred by masking
the noun in the sentence. Consider example (3-a),
where the lexical type of the noun ‘conference’ is
activity. When the noun is masked, as in (3-b), the
noun that can felicitously fill the masked position
can be ‘meeting’, ‘match’, ‘argument’, all of which
are associated to activity. Therefore, the contextual
type of ‘conference’ in (3-a) is also activity. Such
sentences, where lt = ct, are annotated as MATCH-
ING. In our dataset, 88% of the sentences (1410
sentences) are labeled as MATCHING, consistent
with the general assumption in linguistics that in a
sentence, the contextual type matches the lexical
type.

(3) a. The conference with James Stickley
lasted for more than an hour.
(lt: activity, ct: activity)

b. The [MASK] with James Stickley
lasted for more than an hour.
(ct: activity)

In addition to the matching cases discussed above,
we also encounter instances where lt ̸= ct, i.e. the
semantic type of the noun does not align with the
type required or implied from the context. Coer-
cion is a typical case of such a mismatch. In a
coercion sentence, the noun combines with a predi-

2The agreement between the two annotators is 89.3%.
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cate that typically selects for another semantic type.
(4-a) is an example of COERCION, where the verb
‘roar’ conventionally takes an instance of human
instead of a location as its subject. Consequently,
in (4-a), the contextual type (ct) of ‘stadium’ is hu-
man, while its lexical type (lt) is location, resulting
in a clear mismatch. These cases are annotated as
COERCION. In our dataset, 81 sentences receive
this label.

Mismatch between lt and ct can also arise from
other mechanisms, such as metaphor (e.g.(4-b))
and metonymy, though such instances are compar-
atively rare in our sample. We annotate them under
the label OTHER_MISMATCH. Sixteen sentences
in the dataset are labeled as OTHER_MISMATCH.
When these two mismatch types are discussed to-
gether without distinction, we refer to them collec-
tively as MISMATCH.

The numbers of MISMATCH sentences are rela-
tively low compared to MATCHING sentences as
they are naturally less common in the corpus. How-
ever, we do not introduce additional artificial or
external examples because we intend to organize
the graphs around typical, literal instances, so that
the neighborhood composition can be examined
without the distraction of too many semantic fac-
tors. Despite the low numbers, our COERCION data
cover a wider range of coercion phenomena, such
as the coercion to location and human, compared
to many of the related resources that focus only on
the coercion to event.

(4) a. One moment the stadium was roar-
ing and the next, everything went com-
pletely silent. (lt: location, ct: human)

b. Just because I’m not a social butterfly
doesn’t mean I’m not smart or capable.
(lt: animal, ct: human)

For all sentences labeled as COERCION or
OTHER_MISMATCH, we additionally annotate the
contextual type.3

Besides the above two cases, there is a third situ-
ation that the context is highly general and imposes
little selectional restriction on the semantic type
of the noun. In such cases we say ct = ∅. Such
contexts are theoretically compatible with almost
any types of noun. In example (5), ‘linguist’ can
be replaced by any other types of noun such as ‘sta-
dium’, ‘butterfly’, or ‘conference’ without giving

3Lexical types are already known from the noun selection
process and therefore do not require re-annotation.

matching coercion other_mis. unrestricted
Types lt = ct lt ̸= ct lt ̸= ct ct = ∅
# 1410 81 16 82

Table 1: The meanings of the annotation labels and the
number of sentences with the labels

rise to semantic anomaly. These cases are anno-
tated as UNRESTRICTED. Our dataset contains 82
such sentences.

(5) Perhaps you just need a linguist.
(lt: human, ct: ∅)

An overview of the annotation labels and their re-
lation with the contextual type is summarized as
Table 1.

4 Method

Based on the annotated dataset, we construct
graphs in which each node corresponds to an
annotated instance of a noun. Edges are estab-
lished according to the similarity between the em-
beddings of the instances. For each node, we
examine its neighboring nodes with respect to
their semantic types and propose quantitative mea-
sures to characterize the distribution of neighbor
types. By comparing these measures across in-
stances belonging to different sentence categories
(i.e. MATCHING, COERCION, OTHER_MISMATCH,
UNRESTRICTED), we assess the extent to which the
relation between the lexical type and the contextual
type of an instance is reflected in the graphs.

4.1 Models

We experiment with the contextualized word em-
beddings of two language models: BERT (Devlin
et al., 2019) (base, uncased) and sense-enhanced
BERT (Yavas et al., 2025). Both models and their
embeedings are accessed via Hugging Face4 and
the Transformers library (Wolf et al., 2020). Sense-
enhanced BERT is a variant of BERT created by
fine-tuning in order to incorporate external seman-
tic knowledge into the model embeddings. It is
created by fine-tuning BERT on the SemCor cor-
pus (Miller et al., 1993) with WordNet supersense
labels. This model is relevant to our study since
supersenses are broad semantic categories that cor-
respond well to semantic types, such as animal,
location, and state.

4Models: google-bert/bert-base-uncased and
yavasde/sense-enhanced-bert. Via: https://huggingface.
co/
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We extract the embeddings of the target words
in the sentences from the last 4 layers of the mod-
els and average them to obtain one embedding per
target word instance. Averaging the last four lay-
ers has been previously used for semantics-related
tasks (Liu et al., 2021; Yavas et al., 2025). If the tar-
get word is tokenized into subwords by the model
tokenizer, we average the embedding of each subto-
ken before averaging across layers.

To obtain embeddings without lexical type infor-
mation, we mask the target word in each sentence
using the [MASK] token, as shown in (3-b). We
extract the embedding of the [MASK] token and
use these masked word embeddings for construct-
ing graphs.

4.2 Graph construction

We conduct a graph-based analysis on the embed-
dings. Concretely, we construct a directed graph
G = (V,E) over the instances in the dataset, where
V = {v1, . . . , vn} is the set of nodes representing
the n instances. Each instance is represented by a
contextual word embedding embi.

To ensure that edges reflect conceptual similarity
between different word types rather than lexical
overlap, we only form edges between instances of
different target words. A directed edge (vi, vj) ∈
E is formed if vj is among the k closest neighbors
of vi, determined by the cosine similarity between
their embeddings, as in:
simij = cos(emb(vi), emb(vj)),

E = {(vi, vj)|simij is among the k highest sim-
ilarities between vi and other nodes}

In this paper we set k = 10.5

As introduced in 4.1, we use four different types
of embeddings: BERT, sense-enhanced BERT,
masked BERT, masked sense-enhanced BERT. The
graphs using these four embeddings are referred to
as Gb, Gs, Gmb and Gms.

4.3 Neighbor type metrics

We examine the out-neighborhood of each instance,
N+(vi), in terms of their types in order to evaluate
how well the neighbors reflect the lexical type and
the contextual type of the instance. As introduced
in 3, in our dataset, for each instance vi, its lexical

5Results with other values of k are listed in Table 9 in the
Appendix. Since our analysis focuses on relative comparisons
across models and sentence types, we choose k = 10 as a
representative for our research. The impact of k on the graph
and the metrics will be investigated in future work.

type lti ∈ T and contextual type cti ∈ T ∪ ∅6 can
be inferred from the annotation. For example, the
instance ‘stadium’ has a lexical type (lt) location
and a contextual type (ct) human in (4-a).

We calculate the distributions of semantic types
in the neighborhood of each instance using the
Neighbor Type Probability (NTP). For each type
t ∈ T , NTP(t, vi) measures the proportion of
neighbors of vi that have type t, where tj denotes
the type of neighbor vj :

NTP(t, vi) =
|{vj ∈ N+(vi) | tj = t}|

k

Using NTP, we can determine how much the
neighbors of an instance reflect its lexical type lti
or its contextual type cti by calculating NTP(lti, vi)
and NTP(cti, vi). We refer to the specific case
where NTP is computed for the lexical type lt
as the Lexical Neighbor Type Matching Ratio
(NTMRL = NTP(lt, v)), and for the contextual
type ct as the Contextual Neighbor Type Matching
Ratio (NTMRC = NTP(ct, v)).

We propose another metric to measure the di-
versity of the neighbors in terms of their semantic
types: Neighbor Type Entropy (NTE). NTE calcu-
lates the entropy of NTP distribution. We define
the Neighbor Type Entropy NTE as:

NTE(vi) = −
∑

t∈T
NTP(t, vi)× log(NTP(t, vi))

For an instance vi, if most of its neighbors have
the same type, the NTE value is relatively low; if
the distribution of the types of its neighbors are
diverse, the NTE value is higher.

In general, if the graph is organized based on se-
mantic type relations, the neighbors of an instance
should be of the same (lexical or contextual) type
or taxonomically related semantic types. Moreover,
if the graph highlights the lexical information of the
instances, we expect most neighbors of an instance
vi to share the lexical type lti, i.e. NTP(lti, vi) ≈ 1.
In contrast, if the graph reflects contextual infor-
mation more than lexical information, we expect
NTP(cti, vi) ≈ 1.

Furthermore, we expect the values of both NTP
and NTE to vary across different sentence types
(MATCHING, MISMATCH and UNRESTRICTED).

6Theoretically, the contextual type could be a type outside
our selected set of type T , but this kind of sentence does not
exist in our dataset.
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Figure 2: Neighbor Type Ratio (NTP) for MATCHING sentences per semantic type, from the graphs based on
BERT (Gb) (left) and sense-enhanced BERT embeddings (Gs) (right). The diagonal grids correspond to the average
Lexical Neighbor Type Matching Ratio (NTMRL) for each type.

Graph Sent. type NTMRL NTMRC other
Gb Matching 0.63 — 0.37

Coercion 0.50 0.17 0.33
Other_m. 0.54 0.23 0.23
Unrestr. 0.49 — 0.51

Gmb Matching 0.39 — 0.61
Coercion 0.18 0.36 0.46
Other_m. 0.09 0.47 0.44
Unrestr. 0.14 — 0.86

Gs Matching 0.81 — 0.19
Coercion 0.65 0.18 0.17
Other_m. 0.50 0.41 0.08
Unrestr. 0.65 — 0.35

Gms Matching 0.44 — 0.56
Coercion 0.20 0.40 0.40
Other_m. 0.11 0.55 0.34
Unrestr. 0.18 — 0.82

Table 2: Average Lexical Neighbor Type Matching Ra-
tio (NTMRL) and Contextual Neighbor Type Matching
Ratio (NTMRC) and the proportion of neighbor types
other than lt and ct (other) of different sentence types.

These values are obtained by averaging NTP and
NTE values of instances belonging to each sentence
type. As to the lexical types in MATCHING sen-
tences, since we avoided polysemous uses of the se-
lected nouns in our dataset, the lexical types of the
nouns remain stable. Thus, they are expected to be
reliably reflected by the lexical types of the neigh-
bors in the graph. More specifically, the NTMRL

of an instance is expected to be high, and the NTE
low.

As to MISMATCH sentences, the lexical type of
the instance is different from the contextual type.
Given that the majority of the instances in our
dataset are MATCHING sentences, we expect the
types of the neighbors of the instance to be bal-
anced between the two possible options. In this
case NTMRC is likely to be lower and NTE slightly

higher. For the instances UNRESTRICTED sen-
tences, the contextual types are unclear, so we ex-
pect the types of their neighbors to be more diverse.
In this case, the NTMRL should be lower compared
to the MATCHING sentences and the NTE should
be the highest among all sentence categories.

5 Result analysis

5.1 MATCHING sentences
The Neighbor Type Probability (NTP) is calcu-
lated for each instance. Table 2 reports the aver-
age NTMR of the instances across different graphs
and sentences types. Since Gmb and Gms are con-
structed to capture the information about contextual
types instead of lexical types, the NTMRL on these
graphs are significantly lower than on Gb and Gs.
Therefore, for MATCHING sentences, our analysis
focuses on comparing Gb and Gs.

Fig. 2 presents the average NTP of instances in
each lexical type in MATCHING sentences.7 Both
heatmaps indicate that the lexical types of most
neighbors coincide with those of the instances
themselves. Specifically, on Gb, instances of
types animal, activity and food exhibit an average
NTMRL over 80%. This proportion is relatively
lower for instances of human, artifact and mood,
where fewer than half of their neighbors share the
same lexical types. In contrast, on Gs, the aver-
age NTMRL increases for almost all types, most
notably for types artifact and human. These obser-
vations suggest that Gs reflects the lexical types of
the instances more faithfully than Gb.

A closer investigation of the NTP for human in-
stances further illustrates the increase of NTMRL

7More detailed results are given in the appendix.
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Figure 3: A new type hierarchy induced from the NTP
values of the semantic types.

Word Gb Gs

linguist 80.6 100.0
programmer 48.1 100.0
student 9.3 100.0
genius 54.0 99.3
lady 40.6 99.38
terrorist 50.6 92.6
teenager 88.6 100.0
coward 63.0 81.5
passenger 15.0 43.7
german 86.6 91.6

Table 3: Average Lexical Neighbor Type Matching Ra-
tio (NTMRL) of human type words on Gb and Gs

on Gs. According to Table 3, certain words, such as
‘student’ and ‘passenger’, have very low NTMRL

values on Gb. In particular, most neighbors of ‘stu-
dent’ instances are of type location (predominantly
‘classroom’ and ‘school’), while most neighbors
of ‘passenger’ instances are instances of artifact
(mainly ‘bus’ and ‘truck’). This indicates that Gb

reflects not only semantic type of nouns but also
co-occurrence information, whereas on Gs, the se-
mantic type information is more prominently high-
lighted.

The NTP computed on Gs also reveals the dis-
tances between semantic types. As shown in Fig. 2,
the NTP between certain pairs of types is relatively
higher than between others, indicating their taxo-
nomic proximity. For example, the type artifact
is close to food and location; activity is close to
process; process, state and mood are closer to each
other; and interestingly, info is close to mood. Al-
though this is less common in linguistic studies
on type hierarchies, our result suggests a potential
prominence in the distinction of abstract and con-
crete entities. Although this observation requires
further investigation, based on the observed NTP
patterns, we can build a new semantic type hierar-
chy, presented in Fig. 3.

Furthermore, the NTP calculated on Gs can also
suggest the types of some non-typical instances.
For example, the ontological status of ‘alien’ and
‘robot’ is not straightforward. Using our method,
according to Table 4, it can be inferred that alien

alien robot anim. arti. hum. other
alien / 0.27 0.28 0 0.39 0.06
robot 0.39 / 0.24 0.34 0 0.03

Table 4: The neighboring words or types of ‘alien’ and
‘robot’ and their distributions.

is a non-typical member of the type human, and
robot is a non-typical member of artifact, and they
are close to each other and both similar to the type
animal.

5.2 UNRESTRICTED sentences

For reasons similar to those observed for MATCH-
ING sentences, the NTMRL values of instances
in UNRESTRICTED sentences are higher when
computed with unmasked models and with
sense-enhanced models. Compared with MATCH-
ING sentences, however, the NTMRL values in UN-
RESTRICTED sentences are lower across all four
graphs. The decrease is more significant with
masked models, suggesting that the greater diver-
sity of possible contextual types in UNRESTRICTED

sentences is reflected more clearly on Gmb and
Gms.

The NTE further captures the distinction be-
tween MATCHING and UNRESTRICTED sentences.
Across all four graphs, the diversity of neighbor
type distributions is significantly higher for UN-
RESTRICTED sentences than for MATCHING sen-
tences.

5.3 MISMATCH sentences

The results in Table 2 show that across all graphs,
the NTMRL values of MISMATCH sentences (both
COERCION and OTHER_MISMATCH) are lower
than those of MATCHING sentences, with a con-
siderable proportion of neighbors shifting to the
contextual type, as reflected by NTMRC . This indi-
cates that the different contextual types exert a no-
ticeable influence on the organization of the graphs.

As discussed in the section on MATCHING sen-
tences, the graphs Gb and Gs largely reflect the
information about lexical types. On these graphs,
most neighbors of the instances in COERCION sen-
tences share the same lexical types instead of the
contextual types. This shows that the embeddings
of the instances do not capture this change in the
types. This finding seems to suggest that instances
in COERCION sentences retain their lexical types
and do not undergo a type shift. A more in-depth
research is needed to confirm this observation.

154



G mat. coer. other. unres. Comparison
Gb 0.96 1.14 0.99 1.16 mat. <∗∗ coer.

mat. <∗∗ unres.
coer. ̸< unres.
coer. ̸= other.

Gmb 1.71 1.67 1.64 1.96 mat. ̸< coer.
mat. <∗∗∗ unres.
coer. <∗ unres.
coer. ̸= other.

Gs 0.61 0.85 0.65 0.83 mat. <∗∗∗ coer.
mat. <∗∗∗ unres.
coer. ̸< unres.
coercion ̸= other.

Gms 1.45 1.49 1.42 1.77 mat. ̸< coer.
mat. <∗∗∗ unres.
coer. <∗∗ unres.
coer. ̸= other.

Table 5: Mean Neighbor Type Entropy (NTE) of dif-
ferent sentence types and the statistical comparisons
between pairs (Mann-Whitney U test) . ∗p < .05,
∗∗p < .01, ∗∗∗p < .001. ̸< indicates the hypothesis
was not confirmed. The sentence types MATCHING, CO-
ERCION, OTHER_MISMATCH and UNRESTRICTED are
shortened as MAT., COER., OTHER. and UNRES. respec-
tively.

With respect to NTMRC , the graphs constructed
with masked models produce higher values than
the others. As noted above, in the graphs con-
structed with unmasked models, especially with
sense-enhanced BERT, the neighbors of an in-
stance usually have the same lexical type. Con-
sequently, the contextual types of MISMATCH sen-
tences are underrepresented in these graphs, result-
ing in NTMRC < NTMRL.

Table 5 reveals that no significant dif-
ference is found between COERCION and
OTHER_MISMATCH sentences. Therefore, due to
the higher number of instances in the dataset, we
mainly focus the analysis of the result on COER-
CION sentences.

A comparison of NTE between COERCION and
UNRESTRICTED sentences reveals a pattern dis-
tinct from that observed between MATCHING and
COERCION sentences. On Gmb and Gms, the NTE
of COERCION sentences is significantly lower than
that of UNRESTRICTED sentences, whereas on Gb

and Gs, no significant difference is found between
the two sentence types. This implies that contex-
tual type information is reflected on Gmb and Gms

to some extent.
For Gmb and Gms, although NTMRC is higher

than NTMRL, the average value remains lower than
0.5, indicating that the information about contex-
tual types is not highly prominent in these graphs.
This observation is further supported by the anal-

NTE on Gb/Gs NTE on Gmb/Gms

matching low low
coercion high low
unrestr. high high

Table 6: The relative numerical relations of Neighbor
Type Entropy (NTE) values among different types of
sentences.

ysis of NTE. According to Table 5, the NTE of
instances in MATCHING sentences is significantly
lower than the NTE of COERCION sentences on
Gb and Gs, but not on Gmb and Gms. This sug-
gests that Gmb and Gms only partially reflect the
information about contextual types. We observe
that the graphs sometimes capture other informa-
tion beyond semantic types, such as morphological
clues and co-occurrence patterns. For example, on
Gmb and Gms, the neighbors of the instances of
‘elephant’ are often instances of ‘omelette’ and ‘ex-
plosion’, possibly due to the fact that they are all
followed by the article ‘an’.

Moreover, the information of lexical types is
not completely eliminated from Gmb and Gms. In
these two graphs, the NTP of the lexical types are
still higher than the NTP of other types. This sug-
gests that the lexical information may persist in
COERCION sentences. For example, in example
(2), although ‘finish’ strongly indicates a contex-
tual type activity, the other words in the sentence,
such as ‘gulp’, still implies the existence of an arti-
fact bottle.

The NTP and NTE patterns might also be used
to discover possible coercion instances. For exam-
ple, (6) is a sentence in the data. Since the noun
‘pizza’ is followed by the preposition ‘for’, which
can normally combine with food nouns, usually
this sentence is not seen as a COERCION instance.
However, with our method, the neighbors of this
instance on Gb and Gs are always food, while its
neighbors on Gmb and Gms are always activity,
implying that other parts of the sentence, such as
‘take out’, indicate a different contextual type. This
example highlights how this method can provide
insights into the theoretical distinction between CO-
ERCION and literal sentences.

(6) Are you telling me most women you take
out for pizza don’t require bodyguard ser-
vices?

In summary, the three types of sentences and
their relations with NTE values across the four
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graphs are summarized as Table 6. These results
indicate that NTE values can potentially help in
detecting coercion instances.

6 Conclusive remarks

This paper has presented a graph-based analysis
of the contextualized word embeddings of noun
instances, examining how semantic type informa-
tion is reflected across different sentence types.
We selected nouns from ten semantic types, ex-
tracted corpus instances for each noun, and an-
notated them with lexical types and contextual
types. Instances in which the lexical type coincides
with the contextual type are labeled as MATCH-
ING; instances where the two diverge are labeled
as MISMATCH, further classified as COERCION

or OTHER_MISMATCH; and instances occurring
in uninformative contexts are labeled as UNRE-
STRICTED.

Using these annotated instances, we constructed
graphs based on the similarity between their em-
beddings and proposed two graph-based metrics in
order to analyze the neighbors of instances based
on their semantic types: Neighbor Type Probabil-
ity (NTP) and Neighbor Type Entropy (NTE). Our
results demonstrate that graphs constructed with
sense-enhanced BERT embeddings reflect informa-
tion about semantic types better than BERT embed-
dings. Lexical type information is reliably reflected
in graphs constructed on sense-enhanced BERT em-
beddings, and contextual type information is also
partially reflected in graphs constructed on masked
embeddings. MATCHING, MISMATCH, and UNRE-
STRICTED sentences can be distinguished from one
another through the comparison of NTP and NTE
values across the graphs.

Our method also has a number of potential future
applications. On the linguistic side, the distinction
between coercion and other mechanisms underly-
ing lexical-contextual type mismatch can be further
explored, given sufficient number of instances with
metaphor, metonymy or other kinds of mismatch.
A preliminary new type hierarchy has been implied
from our method, and with more selection of nouns
and, preferably, larger unannotated data, seman-
tic types and their hierarchical organization can
possibly be induced automatically, and potential
COERCION instances and patterns can possibly be
consistently detected. This would also help in re-
fining the definition and diagnostics of semantic
types and coercion. Also, our method could be

used for polysemous nouns, especially dot types,
where the noun has more than one possible lexi-
cal types, and might be targeted at the same time
on one instance. The graph method might be able
to reveal the semantic structure of dot type nouns
from a computational perspective.

On the computational side, our graph-based
method can serve as a tool for understanding how
contextualized word embeddings encode informa-
tion, with potential extensions to other models and
semantic phenomena related to semantic types.
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Semantic Type Word Gb Gs

info

message 63.75 100.00
information 88.75 90.00
poem 13.13 100.00
rumor 88.75 100.00
data 81.33 90.00
news 100.00 100.00
idea 93.75 96.88
concept 89.38 100.00
science 23.75 61.25
knowledge 78.13 67.50
problem 10.63 20.63
secret 81.88 99.38

mood

happiness 31.88 70.00
empathy 76.88 66.88
resentment 86.25 97.50
preference 46.25 75.00
attention 23.13 13.13
mood 43.75 65.63

animal

elephant 87.33 99.33
dinosaur 97.50 96.88
pig 82.00 79.33
cat 100.00 98.46
cow 67.33 84.00
butterfly 100.00 100.00
penguin 100.00 93.85
pigeon 99.33 94.00
mammal 99.38 100.00
bug 90.91 96.36

location

cave 99.38 98.75
classroom 58.75 87.50
stadium 37.50 93.75
school 88.75 89.38
river 88.75 90.00
road 43.75 22.50
valley 100.00 99.38
desert 95.00 100.00
sky 11.88 80.63
park 60.00 95.00

state

death 24.38 24.38
existence 26.88 79.38
chaos 21.88 46.25
difficulty 21.25 13.75
strength 63.75 91.25
beginning 16.88 53.13
intelligence 7.50 20.63

Table 7: The average NTMRL value of each noun per
semantic type on Gb and Gs

Semantic Type Word Gb Gs

activity

picnic 88.00 91.33
barbecue 71.88 61.88
banquet 90.63 90.63
celebration 83.75 75.00
festival 98.13 97.50
carnival 96.00 94.00
conference 99.38 90.00
meeting 98.75 97.50
parade 86.67 77.33
party 90.63 85.00

process

explosion 56.25 99.38
accident 74.38 85.63
experiment 12.50 78.13
installation 28.13 90.63
interruption 15.00 87.50
storm 20.63 68.13
sleep 0.00 12.67
dance 16.25 17.50
attack 65.00 95.63
performance 23.13 53.75

food

pizza 91.88 88.75
kebab 100.00 100.00
rice 97.50 100.00
omelette 100.00 100.00
pork 86.88 95.63
beef 100.00 100.00
bread 98.75 100.00
cake 86.88 100.00
candy 73.57 92.86
cigarette 16.88 10.63
apple 93.57 100.00
carrot 84.00 96.67
potato 100.00 100.00

artifact

bus 90.00 100.00
truck 68.75 100.00
bicycle 81.88 100.00
rocket 12.14 58.57
guitar 43.75 93.75
sculpture 1.25 71.25
computer 1.88 72.50
shirt 80.63 97.50
coin 25.63 48.13
cable 43.75 85.63
button 77.50 99.38
bottle 69.38 68.13

human

linguist 80.63 100.00
programmer 48.13 100.00
student 9.38 100.00
genius 54.00 99.33
lady 40.63 99.38
terrorist 50.67 92.67
teenager 88.67 100.00
coward 63.08 81.54
passenger 15.00 43.75
german 86.67 91.67

Table 8: The average NTMRL value of each noun per
semantic type on Gb and Gs
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Graph Sent. Type k = 10 k = 25 k = 50
NTMRL NTMRC other NTMRL NTMRC other NTMRL NTMRC other

Gb MATCHING 0.62 — 0.38 0.60 — 0.40 0.60 — 0.40
COERCION 0.54 0.18 0.28 0.53 0.20 0.27 0.47 0.23 0.30
UNRESTR. 0.58 — 0.42 0.50 — 0.50 0.44 — 0.56

Gmb MATCHING 0.37 — 0.63 0.36 — 0.64 0.32 — 0.68
COERCION 0.28 0.23 0.49 0.17 0.38 0.44 0.17 0.36 0.46
UNRESTR. 0.26 — 0.74 0.15 — 0.85 0.15 — 0.85

Gs MATCHING 0.80 — 0.20 0.79 — 0.21 0.76 — 0.24
COERCION 0.71 0.17 0.12 0.71 0.18 0.10 0.67 0.22 0.11
UNRESTR. 0.80 — 0.20 0.69 — 0.31 0.67 — 0.33

Gms MATCHING 0.42 — 0.58 0.42 — 0.58 0.40 — 0.60
COERCION 0.34 0.23 0.44 0.20 0.41 0.39 0.20 0.40 0.40
UNRESTR. 0.30 — 0.70 0.20 — 0.80 0.18 — 0.82

Table 9: NTP values with different k values on different graphs across sentence types. NTMRC is not applicable
(—) for MATCHING and UNRESTRICTED sentences. The results show that on graphs built with unmasked models,
the results are relatively stable. On graphs built with masked models, the proportion of neighbors with context
types increases significantly when k is set to 25 or 50, and the proportion of neighbors with lexical types decreases
accordingly.
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