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Abstract

Transformer models learn to encode and de-
code an input text, and produce contextual to-
ken embeddings as a side-effect. The mapping
from language into the embedding space maps
words expressing similar concepts onto points
that are close in the space. In practice, the
reverse implication is also assumed: words cor-
responding to points that are close in this space
are similar or related.

Does this closeness in the embedding space
extend to shared properties for sentence em-
beddings? We compute sentence embeddings
in three ways: as the averaged token embed-
dings, as the embedding of the special [CLS]
token, and as the embedding of a random to-
ken from the sentence. We explore whether
sentence embedding variations that are close
in this space also have similar performance on
morphology, syntax, semantic, discourse, and
reasoning tasks, or whether their relative po-
sition does not offer useful clues about their
relative performance and the type of linguistic
information they encode.

The results show that each of the four trans-
former models tested — BERT, RoBERTa, De-
BERTa,, Electra — have their own embeddings
profile, but shallow differences or commonal-
ities between the three types of embeddings
are not predictive of their performance on
specific tasks. In an extreme case, Electra’s
[CLS] sentence embeddings and averaged to-
ken embeddings are superficially almost or-
thogonal, but both of them encode information
about sentence chunk structure in the same way.
RoBERTa’s very similar sentence embeddings
have very different performance on linguistic
tasks. The embedding of a random token in a
sentence works surprisingly well as a proxy for
the sentence embedding.

1 Introduction

Projecting words and larger pieces of text into an
n-dimensional space allows us to map linguistic ob-

jects into a well-defined mathematical space, with
specific metrics and operations. Building this pro-
jection relies on equating word similarity in lan-
guage with closeness between their corresponding
vectors in the embedding space, that is, the embed-
ding space is smooth (Bengio et al., 2013). The
smoothness of the embedding space is assumed to
work both ways: similar or related words or sen-
tences will be projected to points that are close in
the space, and words or sentences corresponding
to points that are close in the space are similar or
related.

Understanding the embedding space, or rather,
what it means from a linguistic point of view, is
difficult. On the one hand, the embedding space
was shown to be anisotropic, with most words ap-
pearing in a narrow cone in this space, thus making
the cosine similarity often used to estimate word
similarity or relatedness seemingly less informa-
tive (Timkey and van Schijndel, 2021; Cai et al.,
2021). On the other hand, the relative position
of words in the embedding space was shown to
encode sentence structure (Manning et al., 2020).
The dimensions of sentence embeddings — as the
embedding of the special [CLS] token or averaged
token embeddings — were shown to have a few
highly correlated groups, that mostly encode shal-
low information about the sentences, such as length
or extreme word frequencies within the sentence
(Nikolaev and Pado, 2023b).

This paper adds a few pieces to the embeddings
puzzle, by studying properties of three different
representations for sentences: the averaged token
embeddings (S 41/ ¢), the embedding of the special
[CLS] token (S¢1.5), and a random token embed-
ding (S7,,,,). We establish first the geometry of
the sentence embedding space — specifically their
relative positions — and then investigate their lin-
guistic properties by answering these questions:

* how different are the three representations ob-



tained from a transformer-based pretrained
model?

* how do these representations change with
changes to a model’s training regimen, opti-
mization process and other internal changes?

» what kind of information does each type of
representation encode?

* are the relative positions of the embedding
variations informative of their performance on
specific tasks? In particular, do embeddings
that are close in the embedding space lead to
similar performance on linguistic tasks, and
viceversa, do embeddings that are very distant
lead to very different performance on the same
tasks?

To investigate these issues we use four pretrained
models from the BERT family: BERT (Devlin et al.,
2019), RoBERTa (Liu et al., 2019), DeBERTa (He
et al., 2021) and Electra (Clark et al., 2020) and
a dataset of sentences. To establish the geometry
of the sentence embedding space we perform an
analysis based on the cosine similarity between
the corresponding embedding vectors. For testing
on linguistic tasks we use the FlashHolmes bench-
mark (Waldis et al., 2024), which has subsets for
different types of linguistic and reasoning tasks.
This provides an insight into the degree to which
each type of representation encodes morphologi-
cal, syntactic, semantic, discourse and reasoning
information. Finally, we test whether we can re-
construct a sentence’s chunk structure from each
of these sentence representations.

The results show that contextual token embed-
dings include much contextual information (Sec-
tions 3.2, 3.3), to the degree that the embedding
of a random token from a given sentence is useful
even for semantic, discourse and reasoning tasks
(Section 4). The relative positions of the three types
of sentence representations change with the model
(Section 3.3). RoBERTa shows the highest (su-
perficial) consistency, which is not reflected in the
FlashHolmes tasks, as the S¢rs representation has
a much lower performance than S 4y ¢. For Electra
and DeBERTa S s is almost orthogonal to S sy,
however they both display close performance on
the FlashHolmes tasks, and also on deeper probing
for syntactic structure (Sections 4 and 5). These
seemingly contradictory results suggest the hypoth-
esis that information encoded in the three types of

embeddings consists of superposed layers, some
of which are consistently encoded across the dif-
ferent representation types. We confirm this in
experiments that show that all three variations of
the sentence representations encode information
about a sentence’s chunk structure in the same way
(Section 5).

2 Word and text representations in the
embedding space

The evolution of the embedding space Proce-
durally and scale-wise, we have come a long way
from the first distributional models of language
inspired by Harris (1954) and Firth (1957), with
tens of thousands of symbolic dimensions com-
puted over a small (relative to what is used today)
corpus (Schiitze, 1992). Different methods to com-
pute occurrence scores have been used — binary,
absolute numbers, normalized scores, tf-idf. To
account for similarity of dimensions, they have
been clustered (Pantel and Lin, 2002; Blei et al.,
2003), or reduced using singular value decomposi-
tion (Furnas et al., 1988) to perform latent semantic
analysis (Landauer and Dumais, 1997), principal
component analysis (Jolliffe, 2002), latent Dirich-
let allocation (Blei et al., 2003).

Landauer and Dumais (1997) proposed a neu-
ral network view of their process, with a 3 layer
network. Layers 1 and 2 encode the word X
dimenstons matrix, and layers 2 and 3 encode
the dimension X text matrix. This was a theoret-
ical exercise. Practically, Bengio et al. (2003) used
a neural network to encode the probability function
of word sequences in terms of the feature vectors
of the words in the sequence. The vector repre-
sentations of words are learned together with the
parameters of the probability function. The word
representations were only "method-internal". Pre-
trained word embeddings, as these representations
have come to be known, have become the norm
starting with the representations obtained through
the skip-gram and continuous bag-of-words tech-
niques proposed by Mikolov et al. (2013b,a). These
word embeddings have been shown to encode sev-
eral types of syntactic and semantic information,
which manifest as regularities in the relative posi-
tion of words in the low-dimensional vector space:
plurals, derivations, analogies, and so on (Etha-
yarajh et al., 2019).

The latest variation are contextual embeddings
obtained with transformer-based models. Models



from the BERT family (Devlin et al., 2019) work
at the token level, and produce not only token em-
beddings, but also sentence representations as the
embedding of a special [CLS] token.

The geometry of the embedding space The pic-
ture of the embedding space is complex. Mimno
and Thompson (2017); Timkey and van Schijndel
(2021); Cai et al. (2021) show that the embedding
space is apparently anisotropic, with most points
falling within a narrow cone. This is considered
problematic, because it means that the space is not
used properly. This influences cosine similarity
measures, often used both in training the models
and in the fine-tuning or task learning steps, which
in this case overestimate the similarity between
their corresponding words. Timkey and van Schijn-
del (2021) explain the phenomenon in terms of the
existence of a few dominant dimensions, that can
skew the similarity profile of the space. Cai et al.
(2021) show that despite this shallow anisotropy,
the embedding space actually contains isotropic
clusters and lower-dimensional manifolds that re-
flect word frequency properties.

Nikolaev and Padé (2023b); Manning et al.
(2020); Tenney et al. (2019) use the embeddings
to uncover properties of the embedding dimen-
sions, and information they may encode. Token
embeddings were shown to encode sentence-level
information (Tenney et al., 2019) (with better re-
sults when representations from multiple layers is
mixed), including syntactic structure — reflected as
relative positions in the embedding space that par-
allel a syntactic tree (Hewitt and Manning, 2019),
even in multilingual models (Chi et al., 2020).
Nikolaev and Padé (2023b) find that the [CLS]
token embeddings have a few highly correlated
groups of dimensions, that mostly encode shallow
information about the sentences (sentence length,
hapaxlegomena in the sentence).

Deeper exploration through probing showed that
predicate embeddings contain information about
their semantic roles structure (Conia and Navigli,
2022), embeddings of nouns encode subjecthood
and objecthood (Papadimitriou et al., 2021), and
that syntactic and semantic information can be
teased apart (Mercatali and Freitas, 2021; Bao et al.,
2019; Chen et al., 2019) and so can semantic roles
(Silva De Carvalho et al., 2023). Probing can have
issues: learning a classifier for a task does not guar-
antee that the model uses the targeted information
(Hewitt and Liang, 2019; Belinkov, 2022; Lenci,

2023). To address this issue, Michael et al. (2020)
introduce latent subclass learning, where a binary
classification task has a pre-classification multi-
class logistic regression step that helps probe for
emergent information.

3 Sentence representation comparisons in
the embedding space

As the work in exploring and probing embeddings
shows, the interplay among embedding dimensions
is complex, as each can contribute to various lin-
guistic features in different measures (Bengio et al.,
2013; Elhage et al., 2022). We investigate this in-
terplay for three variations of sentence representa-
tions: averaged token embeddings, the embedding
of the special [CLS] token, the embedding of a
random token from the sentence.

3.1 Sentence representations

Averaged token embeddings: S sy The repre-
sentation obtained by averaging a sentence’s tokens
(without the special [CLS] and [SEP] tokens) is
the most frequently used representation of a sen-
tence (Nikolaev and Pad6, 2023a). Representing
sentence embeddings as averages over token em-
beddings is justifiable as the learning signal for
transformer models is stronger at the token level,
with a much weaker objective at the sentence level
—e.g. next sentence prediction (Devlin et al., 2019;
Liu et al., 2019), or sentence order prediction (Lan
et al., 2019).

The embedding of the special [CLS] token This
type of representation is most commonly used after
fine-tuning for specific tasks such as story contin-
uation (Ippolito et al., 2020), sentence similarity
(Reimers and Gurevych, 2019), alignment to se-
mantic features (Opitz and Frank, 2022). Electra
(Clark et al., 2020) relies on replaced token detec-
tion, which uses the sentence context to determine
whether a (number of) token(s) in the given sen-
tence were replaced by a generator sample. This
training regime leads to [CLS] embeddings that
perform well on the General Language Understand-
ing Evaluation (GLUE) benchmark (Wang et al.,
2018) and Stanford Question Answering (SQuAD)
dataset (Rajpurkar et al., 2016), or detecting verb
classes (Yi et al., 2022).

The embedding of a random token It may seem
counterintuitive to use the embedding of a random
token of the sentence, not even a word, as a sen-
tence representation. This choice, however, reveals



how much contextual information each token em-
bedding contains.

We investigate these three variations of represent-
ing sentences in four pretrained transformer mod-
els: BERT!, RoBERTa?, DeBERTa?, and Electra®.
BERT is the baseline transformer model. ROBERTa
is a variation of BERT with optimized training,
BPE tokenization, dynamic masking and without
a next sentence objective (Liu et al., 2019). De-
BERTA is another variation that introduces disen-
tangled attention and an optimized mask decoder
training (He et al., 2021). Unlike BERT, RoBERTa
and DeBERTa, Electra is not a masked language
model, rather implements a replaced token recogni-
tion model, predicting whether a token in the input
was produced by a generator model (Clark et al.,
2020). As we show in Section 3.3, these differ-
ences in the training regime and architecture of the
models are reflected in the relative position of the
embeddings in the embedding space.

The investigations start from shallow analyses,
and move towards deeper probing of information
encoded in sentence representations.

We quantify the amount of contextual information
in token embeddings through an analysis of the
pairwise (cosine) similarity between all tokens in a
sentence (Section 3.2).

We study the relative positions of the three sen-
tence representation variations to quantify how
close they are in the embedding space (Section 3.3).

We measure performance on linguistic tasks to
investigate the type of linguistic information each
sentence representation contains, and to verify
whether the similarities quantified in the previous
step are reflected as similar performances (Sec-
tion 4).

We probe the encoding of phrase structure to de-
termine whether the three variations of sentence
representation contain the same information on
the chunk structure of a sentence, and if they do,
whether it is encoded in the same way (Section 5).
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Figure 1: Histograms of cosine distances computed for
words and tokens in 1000 English sentences (results
for French, German, Italian, Romanian and Spanish in
appendix).

3.2 Contextual information in token and word
embeddings

According to the assumption that the embedding
space is smooth, if two tokens in the same sentence
encode much contextual information, they should
be close in the embedding space. We quantify
this prediction through cosine similarity distribu-
tions, which reflect pairwise comparisons of the
tokens and words within each sentence. The den-
sity histogram plots are shown in Figure 1. For
BERT, the similarities among the token representa-
tions have a wider distribution, while they become
tighter and centered on a higher mean for the opti-
mized BERT variations, ROBERTa and DeBERTa,
and for Electra. The word embeddings — as aver-
ages of their token representations — follow similar
trends. For both tokens and words we note a large
out-of-distribution peak close to 0. These come
(mostly) from pairings between tokens/words and
punctuation marks.

3.3 Relative positions of sentence
representations in the embedding space

The next step is an analysis of the distance between
the three types of embeddings —token (St ), av-
eraged token (S 4y ), sentence (S r.g)— for sev-
eral models from the BERT family.

The dataset consists of 1000 sentences in six
languages (English, French, German, Italian, Ro-
manian, Spanish) extracted from the parallel
ParaCrawl corpus (Bafién et al., 2020) (the datasets
are not parallel)’. For each input sentence s, we
obtain the output of the model, and extract the

The data will be made available upon publication.
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Figure 2: Histograms of cosine distances computed for
1000 English sentences (results for French, German,
Italian, Romanian and Spanish in appendix). In yellow
are the distances between S 4y ¢ and St in blue

rand?’
the distances between Scrg and S, ,, and in purple

the distances between Scrs and Say .

embedding of the [CLS] token as s¢ s, the embed-
ding of a random token %,.4,,4, and we compute the
averaged token embedding s,,4, as the average of
the embeddings of all tokens of the original sen-
tence (without special tokens, like [CLS] or [SEP]).
We then compute the cosine similarities between
all three pairs of embeddings, for each sentence in
the datasets.

Figure 2 shows the histograms of these compar-
isons for the four pretrained models we consider.
Different shades of the same colour indicate the
type of sentence representation. This kind of anal-
ysis also shows how the sentence representations
change with different training regimes and set-ups
for the considered models.

For BERT, the averaged sentence embeddings
(S-avg) are very similar to the embeddings of ran-
domly picked tokens (S, ,) from the correspond-
ing sentence. This indicates that token embed-
dings encode much contextual information. The
holistic sentence embeddings (Scrs) are quite dis-
similar from both the averaged sentence embed-
dings, and the randomly chosen token embeddings,
but slightly closer to the former than the latter.
The optimized training of ROBERTa has the ef-
fect of bringing all variations of the sentence em-
beddings closer together. Still, Ssy ¢ are clos-
est to St ., with a mean very close to 1, while
Scrs is brought closer to Sqyv¢ and St ..
DeBERTa-s approach leads to a stronger separation
of St, .., and S oy, lowering their cosine similar-
ity mean to around 0.6. This is also reflected in their

similarities with Scrg, which are more strongly
separated. It is interesting to note that S¢rg are
almost orthogonal to the Sav¢ and St ,. Fol-
lowing the assumption of the smoothness of the
embedding space, this may indicate that the holis-
tic Scrs embeddings encode different types of
information that the contextual embeddings. For
Electra, Sqve and St , are very similar again,
with a mean around 0.8, and their similarities with
Scrs are close to orthogonal.

4 Task-level comparisons

The previous analysis has shown that token em-
beddings encode much contextual information, and
they, and the averaged token embeddings, are dis-
similar from the embeddings of the special [CLS]
token. We use the FlashHolmes benchmark (Waldis
et al., 2024) to test the three embedding types. This
benchmark consists of 216 tasks in morphology,
syntax, semantics, discourse and reasoning. The
results on these tasks will help determine what
kind of information the three types of embedding
encode, and whether the differences noted in the
embedding space analysis are reflected in their rel-
ative performances.

Figure 3 presents a summary of the performance
of the different sentence representation methods
for each task, and on the task averages.®

The analysis shows that there isn’t a single sen-
tence representation method that leads to best re-
sults on all tasks. For morphology and syntax
the methods using the averaged token embeddings
as the sentence representation work best for most
tasks — both when comparing the method for one
transformer, and when considering the overall best.
However, for semantic, discourse and reasoning
task, this is no longer the case. For reasoning tasks
in particular, it is unexpected that random token
embeddings lead to higher performance on most
tasks for all the transformers (although there isn’t
much variation among the models, indicating that
they are all close to a baseline). Even for some
semantics and discourse tasks, the random token
embeddings have best results. The more holistic
Scrs embeddings have high performance particu-
larly on semantics and discourse tasks.

In terms of performance, S4v ¢ and S¢rs em-
beddings have high and close performance for most
task types, and for discourse they show a slight

®Detailed (task-level) results are presented in figures 9-10
and tables 1-5 in the appendix.
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Figure 3: Statistics on the best sentence representation for each transformer, and overall for each task. The y-axis is
the count of tasks for which the plotted method performs best. In case of ties we count all methods with the same

score, only if not all have the same score. For each transformer, we count the methods that performed best among
the transformer’s variations. If all variations have the same score, we count them only if they match the highest

overall scores for the task.
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Figure 4: Comparison of embedding variations through
average performance on the FlashHolmes benchmark

advantage. Compared with the analysis of the em-
beddings as vectors in the embedding space, this
result is unexpected, as for Electra and DeBERTa
in particular, the Sors and the S 41/ embeddings
are almost orthogonal. Not only these embeddings
have similar performance, but even for variations
of the same task’ Sy gives best results for one
task, and Scrg gives best results for the other.

For RoBERTa, where the cosine similarity between
these two variations is very high, their relative per-
formance is very different.

S Probing for structure

The previous experiments on a variety of mor-
phological, syntactic, semantic, discourse and rea-
soning tasks within the FlashHolmes benchmark
show very close performance on the S 4y and
Scrs variations. In light of the analysis of the
relative position of embeddings in the embedding
space, these results are surprising: for Electra and
DeBERTa in particular, the two representations
seem to be almost orthogonal (see Figure 2). An
explanation could be that the same information is
encoded in a similar manner, only possibly com-
pounded with other information which superficially
obfuscates it. To investigate whether this is the
case, we perform an analysis on detecting syntactic-
semantic sentence structure. Nastase and Merlo
(2024) have shown that some types of structural

e.g. bhmp_determmer_noun_agreement_WIth_ad]_lrregular_( informatlon — noun, I‘)repoSltlorlal7 or Verb phrase

and 2), blimp_irregular_plural_subject_verb_agreement_(1
and 2), blimp_principle_A_case_(1 and 2),
blimp_principle_A_domain_(1 and 2)

(chunks) structure — is recoverable from sentence
representations. We use their code and data for the
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Figure 5: Comparison between models using Save (O). Scrs (V) and St , (+) in detecting the sentence
chunk structure. tSNE plots of the latent layer vectors of the training data represented using Sav g , Scrs and
St.,....» obtained from a model trained on the S 41/ representation. The latent layer vectors are expected to encode
the targeted information, i.e. the chunk structure. We note very sharp clusters for BERT and Electra

reported experiments®.

The data consists of English sentences with the
syntactic pattern np (pp1 (pp2)) vp?, where each
np, pp1, Pp2, Vvp can be in the singular or plural
form, and the subject (np) always agrees with the
verb (vp). There are 4004 instances, evenly split
across the chunk patterns.

The experimental set-up is a variational encoder-
decoder, where an input sentence is decoded into
a different sentence, but with the same syntac-
tic/semantic structure. The encoder consists of a
CNN layer that splits the input sentence embed-
ding into layers of information, which it then com-
presses using a linear layer into a small latent rep-
resentation. The decoder is a mirror image of the
encoder. To encourage the sentence chunk struc-
ture to be encoded in the latent layer, each input is

8h‘ctps ://github.com/CLCL-Geneva/
BLM-SNFDisentangling

"We use BNF notation: pp; and pp2 may be included or
not, pp2 may be included only if pp1 is included

paired with a correct output — a different sentence
but with the same chunk structure — and several
(7) sentences with different structure than the input.
The system does not receive information about a
sentence’s structure. The loss function combines
the KL divergence on the latent layer, and a max-
margin loss that pushes the system towards reward-
ing output that matches the sentence with the same
structure as the input, and is maximally different
from sentences with a different structure.

We apply this approach to the provided sentence
data, and contrast the results when using the S¢r.g,
Save and ST, . sentence representations. The re-
sults tell a mixed story, shown in Figure 5. Despite
high results on the syntactic and semantic Holmes
tasks, detecting the chunk structure is not success-
ful on the DeBERTa embeddings. This finding may
be because of DeBERTa’s optimized training, with
disentangled attention matrices and token embed-
dings with separate position and content sections,
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terms of average F1 scores over three runs. Detailed results in table 6 in the appendix.

which leads to a differently organized sentence em-
bedding. BERT and Electra in particular show very
high results, with results on Sz, even higher
than S¢1.s.

For the purpose of determining whether the vari-
ations in sentence representation encode the same
information in the same manner, we look at the
cross-testing results — training on one representa-
tion, and testing on the others. Results are reported
in Figure 6. Despite the differences revealed by
the cosine similarity analysis, where for Electra
the Scrs representations are almost orthogonal
to Savg and St . these experiments show that
all three representations encode information about
the chunk pattern in a sentence, and moreover, this
information is encoded in the same manner.

Nastase et al. (2024) have shown, through ex-
periments on several languages, that sentence em-
beddings do not encode chunk structure, but rather
linguistic clues — such as phrase boundaries and
number information — that can be assembled into
the chunk structure. Considering this, and the re-
sults in Figure 6 and the plots in Figure 5, this
indicates that the S4y ¢ and Sgrg encode the
information about phrase boundaries and number
in the same manner and in the same location for
BERT and Electra in particular.

6 Discussion and Conclusions

The output of pretrained language models provide
embeddings for individual tokens, and a holistic
sentence embedding as the embedding of a spe-
cial token. A sentence is often represented through
the averaged embeddings of its tokens, or through
this special token embedding. In the extreme, we
could even use the embedding of a random token
to represent the sentence. In this work, we ex-
plored how different, or similar, these three types
of representations are, and what kind of informa-
tion they encode. What we found is a complex

picture. Shallow analysis through cosine similarity
measures shows how distinct these three represen-
tations are, and how they change relative to each
other from a baseline system (BERT) with vari-
ous optimizations (RoBERTa), internal organiza-
tion changes (DeBERTa) or changes in the training
regimen (Electra) of the system. These shallow dif-
ferences or similarities are not reflected in bench-
marks on five types of NLP tasks, where seemingly
orthogonal representations lead to very similar re-
sults on many tasks. In a surprising twist, using the
embedding of a random token as a sentence repre-
sentation leads to best results on several discourse
and reasoning tasks.

The close performance of the seemingly very
distinct sentence representations raises another
question: do they encode similar information in
a similar manner, or the results come from ex-
ploiting different cues? Experiments in detect-
ing a sentence’s chunk structure — the sequence
of NP/VP/PP phrases and their grammatical num-
ber attributes — showed that in fact information
relevant for reconstructing this structure is encoded
in the same manner, as a system trained on one sen-
tence representation has a very similar performance
when tested on the other.

The experiments presented in this paper add to
the complex picture of what kind of information
the embeddings induced by pretrained transformer
models encode, and how. The results show that
embeddings combine various layers of information,
some of which is shared among all tokens in a sen-
tence, and within the holistic sentence embedding.

7 Limitations

Synthetic data with 14 structure patterns To
study the deeper question of whether the different
sentence embedding variations encode sentence
structure the same way, we have used a synthetic
dataset, with limited variation in sentence structure,



expressed as a sequence of chunks, or phrases. In
future work we plan to investigate what level of
structure complexity can be recovered from these
embeddings, and whether at some complexity level,
differences among the embedding variations be-
comes apparent.

Raw output of transformer models We have
focused on four pretrained models from the BERT
family, and analyzed their sentence embedding
space through cosine similarity, solving tasks and
detecting sentence structure. We have excluded
from the related work and analysis sentence trans-
formers, which fine-tune sentence embeddings for
similarity. Our aim was to study the raw output of
the transformer models, and understand the prop-
erties of the different types of embeddings they
induce.

Cosine similarity We reported analyses in terms
of cosine similarity which is the most commonly
used in the training objective. The analysis in terms
of euclidean distance did not provide additional
insights, so it was not included.
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A Words vs. token embedding similarities distribution

Figure 7 shows a comparison between the distribution of token and word similarities within the same
sentence. A tighter distribution — as displayed by RoOBERTa embeddings — indicates that all contextual
embeddings are closer to each other, and thus encode more contextual information. BERT and Electra
embeddings display distributions with larger standard deviation, indicating that there is more variation
in the information encoded in the individual tokens and words. Electra token/word distances have a
higher mean, indicating that these embeddings encode more contextual information than BERT ones. All
distributions have a high spike close to 0. These pairs include punctuation and "suffix" tokens.
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Figure 10: Detailed results on the FlashHolmes benchmark, on discourse and reasoning tasks
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D Probing for structure

train on  test on

BERT

RoBERTa

DeBERTa

Electra

CLS CLS
AVG

RAND

0.896 (0.088)
0.910 (0.078)
0.919 (0.070)

0.789 (0.027)
0.793 (0.026)
0.792 (0.023)

0.227 (0.058)
0.130 (0.025)
0.139 (0.019)

0.955 (0.006)
0.971 (0.003)
0.966 (0.002)

AVG CLS
AVG

RAND

1.000 (0.000)
0.999 (0.001)
1.000 (0.000)

0.943 (0.013)
0.936 (0.017)
0.939 (0.018)

0.174 (0.020)
0.325 (0.087)
0.327 (0.096)

0.999 (0.001)
0.997 (0.001)
0.999 (0.001)

RAND CLS
AVG

RAND

0.998 (0.001)
0.998 (0.002)
0.997 (0.003)

0.888 (0.009)
0.895 (0.004)
0.886 (0.005)

0.163 (0.023)
0.233 (0.048)
0.221 (0.048)

0.999 (0.001)
0.998 (0.001)
0.997 (0.003)

Table 6: Detailed results on detecting chunk structure in sentence embeddings. Averaged F1 scores (standard

deviation) over three runs.
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