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Abstract001

Transformer models learn to encode and de-002
code an input text, and produce contextual to-003
ken embeddings as a side-effect. The mapping004
from language into the embedding space maps005
words expressing similar concepts onto points006
that are close in the space. In practice, the007
reverse implication is also assumed: words cor-008
responding to close points in this space are009
similar or related, those that are further are not.010

Does closeness in the embedding space extend011
to shared properties for sentence embeddings?012
We present an investigation of sentence embed-013
dings and show that the geometry of their em-014
bedding space is not predictive of their relative015
performances on a variety of tasks.016

We compute sentence embeddings in three017
ways: as averaged token embeddings, as the018
embedding of the special [CLS] token, and as019
the embedding of a random token from the sen-020
tence. We explore whether there is a corre-021
lation between the distance between sentence022
embedding variations and their performance on023
linguistic tasks, and whether despite their dis-024
tances, they do encode the same information in025
the same manner.026

The results show that the cosine similarity027
– which treats dimensions shallowly – cap-028
tures (shallow) commonalities or differences029
between sentence embeddings, which are not030
predictive of their performance on specific031
tasks. Linguistic information is rather encoded032
in weighted combinations of different dimen-033
sions, which are not reflected in the geometry034
of the sentence embedding space.035

1 Introduction036

Projecting words and larger pieces of text into an037

n-dimensional space allows us to map linguistic ob-038

jects into a well-defined mathematical space, with039

specific metrics and operations. Building this pro-040

jection relies on equating word similarity in lan-041

guage with closeness between their corresponding042

vectors in the embedding space, that is, the embed- 043

ding space is smooth (Bengio et al., 2013). The 044

smoothness of the embedding space comes with 045

several assumptions: similar or related words or 046

sentences will be projected to points that are close 047

in the space, and words or sentences correspond- 048

ing to points that are close in the space are similar 049

or related. Distance or similarity metrics in this 050

space are the basis for the functioning of all current 051

LLMs and their applications, and understanding 052

the topology of the embedding space can bring in- 053

sights both into the successes and also the failures 054

of these models. 055

Analysis of the embedding spaces of the tokens 056

through similarity measures have revealed that the 057

spaces of many LLMs are anisotropic, with most 058

words appearing in a narrow cone in this space, thus 059

making distance metrics less informative (Timkey 060

and van Schijndel, 2021; Cai et al., 2021). These 061

analyses are shallow: each dimension of these vec- 062

tors is treated independently of the other dimen- 063

sions. The dimensions may encode some informa- 064

tion at a shallow level – e.g. length, or extreme 065

word frequencies within the sentence (Nikolaev 066

and Padó, 2023b); sentence structure through the 067

words’ relative positions (Manning et al., 2020) – 068

but they do not correspond to linguistic features 069

such as phrase type, or semantic role. The inter- 070

play among embedding dimensions is complex, as 071

each can contribute to various linguistic features 072

in different measures (Bengio et al., 2013; Elhage 073

et al., 2022). This implies that the level at which 074

words and sentence embeddings share features is 075

not at a level that the cosine metric can detect. This 076

explanation may also shed light on the apparent 077

contradiction between the word embedding space 078

being anisotropic (Mimno and Thompson, 2017; 079

Timkey and van Schijndel, 2021; Cai et al., 2021) 080

while word embeddings still leading to good re- 081

sults on a variety of NLP tasks (e.g. (Mercatali and 082

Freitas, 2021; Bao et al., 2019; Chen et al., 2019)). 083
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We present an investigation of sentence embed-084

dings and show that the geometry of their embed-085

ding space is not predictive of their relative per-086

formances on a variety of tasks. We consider four087

pretrained models from the BERT family . For088

each model, we study and compare three variations089

of sentence representations: the averaged token090

embeddings, the embedding of the special [CLS]091

token, and a random token embedding.092

While the vocabulary is finite, the sentences in093

a language are not. We therefore study the embed-094

ding space of sentences by comparing variations095

of representations for the same sentence, which096

should (theoretically) be very close as they should097

contain the same information. For this analysis,098

we start with the commonly used method –the099

cosine similarity– and establish how close these100

representation variations are on a dataset of sen-101

tences extracted from the ParaCrawl corpus (Bañón102

et al., 2020) (Section 2.5). In the next step, we test103

these sentence representations on the FlashHolmes104

benchmark (Waldis et al., 2024), which contains105

morphological, syntactic, semantic, discourse and106

reasoning tasks, and test whether embeddings that107

are close in the embedding space lead to similar108

performance on linguistic tasks (Section 3). Fi-109

nally, we mine for sentence structure information,110

and test whether this kind of information is en-111

coded consistently across the three representation112

variations of a sentence (Section 4).113

The results show that closeness in the embedding114

space is not predictive of closeness of performance.115

In particular, for RoBERTa, all representation vari-116

ations of a sentence are close in the embedding117

space, but their performance on the FlashHolmes118

tasks are very different. For Electra and DeBERTa,119

the SCLS representations are almost orthogonal120

to the SAV G representations, while having very121

close performance on the FlashHolmes tasks, and122

on deeper probing for syntactic structure.123

These seemingly contradictory results between124

distance in the embedding space and performance125

on various tasks support the view that the geometry126

of the embedding space is not a good proxy for127

investigating shared information among sentence128

embeddings. We discover linguistic features en-129

coded through deeper combinations of weighted130

dimensions. Our work sheds lights on the embed-131

ding space, how linguistic information is encoded132

in embeddings and that cosine similarity is a shal-133

low metric that does not provide information about134

(deep) shared features among words or sentences.135

2 Sentence representation comparisons in 136

the embedding space 137

We investigate the embedding space of sentences, 138

and whether the common assumption – that close 139

points correspond to textual units that are similar – 140

is true for sentence representations. 141

2.1 Sentence representations 142

Averaged token embeddings: SAV G The repre- 143

sentation obtained by averaging a sentence’s tokens 144

(without the special [CLS] and [SEP] tokens) is 145

frequently used as the sentence’s embedding (Niko- 146

laev and Padó, 2023a). This representation benefits 147

from the fact that the learning signal for transformer 148

models is stronger at the token level, with a much 149

weaker objective at the sentence level – next sen- 150

tence prediction (Devlin et al., 2019; Liu et al., 151

2019), sentence order prediction (Lan et al., 2019). 152

The embedding of the special [CLS] token: 153

SCLS This representation is most commonly 154

used after fine-tuning for specific tasks such as 155

story continuation (Ippolito et al., 2020), sentence 156

similarity (Reimers and Gurevych, 2019), align- 157

ment to semantic features (Opitz and Frank, 2022). 158

The embedding of a random token: STrand
Us- 159

ing this as the sentence’s representation can reveal 160

how much contextual information each token em- 161

bedding contains. 162

We investigate these three variations of represent- 163

ing sentences in four pretrained transformer mod- 164

els: BERT1, RoBERTa2, DeBERTa3, and Electra4. 165

BERT is the baseline transformer model. RoBERTa 166

is a variation of BERT with optimized training, 167

BPE tokenization, dynamic masking and without 168

a next sentence objective (Liu et al., 2019). De- 169

BERTA is another variation that introduces disen- 170

tangled attention and an optimized mask decoder 171

training (He et al., 2021). Unlike BERT, RoBERTa 172

and DeBERTa, Electra is not a masked language 173

model, rather implements a replaced token recogni- 174

tion model, predicting whether a token in the input 175

was produced by a generator model (Clark et al., 176

2020). Electra also outperforms XLNet (Yang et al., 177

1https://huggingface.co/google-bert/
bert-base-multilingual-cased

2https://huggingface.co/FacebookAI/
xlm-roberta-base

3https://huggingface.co/microsoft/
deberta-v3-base

4google/electra-base-discriminator
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2019) and MPNet (Song et al., 2020).The differ-178

ences in the training regime and architecture of the179

models are reflected in the relative position of the180

embeddings in the embedding space (Section 2.5).181

2.2 Analysis of the embedding space182

Our investigation starts from shallow analyses183

based on the cosine metric between variations of184

sentence embeddings, tests these embeddings on185

a benchmark covering different NLP tasks, and186

probes for shared syntactic information, to estab-187

lish whether closeness in the embedding space188

means close performance on NLP tasks.189

We first use the cosine metric to quantify how close190

the tokens in a sentence are to each other (Section191

2.4). According to the properties of the embedding192

space, this provides information about how similar193

the tokens are. Considering that most tokens in a194

sentence are not actually similar, and that the token195

embeddings are contextual, the cosine similarity196

rather quantifies how much contextual information197

these embeddings share.198

We then use the cosine metric to quantify the dis-199

tance between the three sentence representation200

variations (Section 2.5). Since they represent the201

same sentence, SAV G and SCLS encode the same202

information, and the embedding space assumption203

dictates that they be close in the embedding space.204

STrand
, as the encoding of only one token, encodes205

less information about the sentence, and is expected206

to be further apart in the embedding space from207

both SAV G and SCLS . We test whether these ex-208

pectations are met.209

In the third step, we use each variation of a sentence210

representation to solve the FlashHolmes linguistic211

tasks. The goal is to verify whether relative dis-212

tances in the embedding space – quantified in the213

previous step – are reflected in the relative perfor-214

mance of the three sentence embedding variations215

on the benchmark (Section 3).216

Finally, we test whether the three sentence repre-217

sentation variations all encode information about218

the chunk structure of a sentence, and if they do,219

whether it is encoded in the same way (Section 4).220

2.3 Data221

The dataset consists of 1000 sentences in six lan-222

guages (English, French, German, Italian, Ro-223

manian, Spanish) extracted from the parallel224

ParaCrawl corpus (Bañón et al., 2020) (the datasets225

are not parallel)5. Each sentence is represented 226

through the three representation variations. 227

2.4 Contextual information in token and word 228

embeddings 229

For each sentence s in the dataset, we compute 230

the cosine similarity between the embeddings of 231

every pair of tokens and every pair of words. The 232

density histogram plots are shown in Figure 1. For 233

BERT, the similarities among the token representa- 234

tions have a wider distribution, while they become 235

tighter and centered on a higher mean for the opti- 236

mized BERT variations, RoBERTa and DeBERTa, 237

and for Electra. The word embeddings – as aver- 238

ages of their token representations – follow similar 239

trends. These results show that with the changes in 240

the models (relative to BERT), tokens and words 241

within the same sentence become closer in the em- 242

bedding space. According to the assumption that 243

close points correspond to similar words and vice- 244

versa, we must conclude that the optimizations over 245

the BERT base model lead to more sharing of con- 246

textual information among the words in a sentence. 247

BERT RoBERTa

DeBERTa Electra

Figure 1: Histograms of cosine similarities for words
and tokens in 1000 English sentences (results for French,
German, Italian, Romanian and Spanish in appendix).
The y-scales are different for each subplot for better
visualization.

2.5 Distance between sentence representation 248

variations in the embedding space 249

The next step is an analysis of the distance between 250

the three types of embeddings —token (STrand
), 251

averaged token (SAV G), sentence (SCLS)— for 252

several models from the BERT family. For each 253

sentence s in the dataset, we compute the cosine 254

between every pair of representations SAV G(s), 255

SCLS(s) and STrand
(s). Figure 2 shows the his- 256

tograms of these comparisons.This analysis also 257

5The data will be made available upon publication.
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BERT RoBERTa

DeBERTa Electra

Figure 2: Histograms of cosine similarities computed
for 1000 English sentences (results for French, German,
Italian, Romanian and Spanish in appendix). In yellow
are the distances between SAVG and STrand

, in blue
the distances between SCLS and STrand

, and in purple
the distances between SCLS and SAVG. The y-scales
are different for each subplot for better visualization.

shows how the sentence representations change258

with the different training regimes and set-ups of259

the considered models.260

For all models, SAV G are very close to STrand
,261

adding support to the observation from Section 2.4,262

that tokens encode much contextual information.263

The holistic sentence embeddings SCLS are quite264

dissimilar from both SAV G and STrand
for all mod-265

els except for RoBERTa. The optimized training of266

RoBERTa has the effect of bringing all variations267

of the sentence embeddings closer together. It is268

interesting to note that SCLS are almost orthogonal269

to SAV G and STrand
for both DeBERTa and Elec-270

tra. Following the assumption of the smoothness271

of the embedding space, this may indicate that the272

holistic SCLS embeddings encode different types273

of information than the contextual embeddings. We274

will test this in the next sections.275

3 Sentence representation comparisons276

on linguistics tasks277

The previous analysis has shown that token em-278

beddings encode much contextual information, and279

they, and the averaged token embeddings, are dis-280

similar from the embeddings of the special [CLS]281

token. This section shows experiments that investi-282

gate whether the similarities or differences noted in283

the embedding space analysis are reflected in their284

relative performances.285

3.1 Dataset and code286

We use the FlashHolmes benchmark (Waldis et al.,287

2024) to test the three embedding types. There288

are 216 tasks in morphology, syntax, semantics, 289

discourse and reasoning, code to test new models, 290

and a leaderboard for comparisons. The input of a 291

task is obtained from the specified model, and the 292

output is predicted using a classifier probe imple- 293

mented as a linear NN layer. The results on these 294

tasks will help determine what kind of information 295

the three types of embedding encode. 296

3.2 Performance comparisons 297

Figure 4 presents a summary of the performance 298

of the different sentence representation methods 299

for each task, and on the task averages.6 The first 300

four bar groups show the number of times each 301

of the three sentence representation methods (rep- 302

resented as different shades of the model colour) 303

has achieved the best performance for that model. 304

The fifth group shows the number of times each 305

sentence variation for each model has had the best 306

overall performance. The sixth panel shows these 307

statistics as averages over all tasks. 308

Figure 3: Comparison of embedding variations through
average performance on the FlashHolmes benchmark

On morphology, syntax and semantics the 309

SAV G has most frequently the highest performance 310

for all models, while for reasoning and discourse 311

STrand
is often the best. However, the results in 312

Figure 3 show little variation in the results on the 313

reasoning and discourse tasks, indicating that prob- 314

ably all results are close to the tasks baseline. For 315

the morphology, syntax and semantics tasks, the 316

performance of Electra’s SAV G and SCLS sen- 317

tence representations are very close in terms of 318

average performance, while STrand
is much lower. 319

This seemingly contradicts the analysis in Section 320

2.5 which shows that SAV G and SCLS represen- 321

tations are almost orthogonal, while SAV G and 322

6For detailed (task-level) results see figures 9-10 and tables
1–5 in the appendix.
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Figure 4: Statistics on the best sentence representation for each transformer, and overall for each task. The y-axis is
the count of tasks for which a method performs best. 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.

STrand
are very close. This supports the hypothe-323

sis that the geometry of the embedding space is not324

informative about the linguistic properties encoded325

by the embeddings. There can be an alternative ex-326

planation for the close performance of SAV G and327

SCLS : they encode the same information, but in328

different ways. We explore this in the next section.329

SAV G and SCLS embeddings have high and330

close performance for most task types.Compared331

with the analysis of the embeddings as vectors in332

the embedding space, this result is unexpected,333

as for Electra and DeBERTa in particular, the334

SCLS and the SAV G embeddings are almost or-335

thogonal. Not only these embeddings have sim-336

ilar performance, but even for variations of the337

same task SAV G gives best results for one task,338

and SCLS gives best results for the other. For339

RoBERTa, where the cosine similarity between340

these two variations is very high, their relative per-341

formance is very different7.342

4 Probing for structure343

The previous experiments on a variety of mor-344

phological, syntactic, semantic, discourse and rea-345

7e.g. blimp_determiner_noun_agreement_with_adj_irre
gular_(1 and 2), blimp_irregular_plural_subject_verb_agree
ment_(1 and 2), blimp_principle_A_case_(1 and 2),
blimp_principle_A_domain_(1 and 2)

soning tasks within the FlashHolmes benchmark 346

show very close performance on the SAV G and 347

SCLS variations. In light of the analysis of the 348

relative position of embeddings in the embedding 349

space, these results are surprising: for Electra and 350

DeBERTa in particular, the two representations 351

seem to be almost orthogonal (see Figure 2). An 352

explanation could be that the same type of clues 353

necessary to solve these tasks is encoded in dif- 354

ferent manners in the two types of representations. 355

We test whether this is indeed the case, by focus- 356

ing on sentence structure. Sentence structure is 357

complex, relying on clues about phrase boundaries 358

and phrase properties. We test whether information 359

about sentence structure can be detected in the three 360

sentence representation variations, and whether it 361

is encoded in a similar manner. For this we use 362

the approach of Nastase and Merlo (2024), who 363

have shown that some types of structural informa- 364

tion – noun, prepositional, or verb phrase (chunks) 365

structure – is recoverable from sentence represen- 366

tations. We use their code and data to investigate 367

the sentence representations 8. Experiments that 368

use the training and test data encoded using the 369

same representation type will reveal whether the 370

targeted sentence structure is identifiable. Cross- 371

8https://github.com/CLCL-Geneva/
BLM-SNFDisentangling
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Figure 5: Comparison between models using SAVG, SCLS and STrand
in detecting the sentence chunk structure in

terms of average F1 scores over three runs. Detailed results in table 6 in the appendix.

representation experiments – using the training data372

encoded with one type of representation, and the373

test data encoded with the other two types – will374

show whether the necessary information do detect375

structure is encoded in the same way.376

4.1 Dataset and code377

The dataset consists of English sentences with378

the syntactic pattern np (pp1 (pp2)) vp9, where379

each np, pp1, pp2, vp can be in the singu-380

lar or plural form, and the subject (np) always381

agrees with the verb (vp). There are 4004 sen-382

tences evenly split across the 14 chunk patterns.383

An instance is built for each sentence as a triple384

(in, out+, Out−), where in is an input sentence385

with chunk structure p, out+ is a sentence differ-386

ent than in but with the same chunk structure p,387

and Out− is a set of Nnegs = 7 sentences each of388

which has a chunk pattern different from p (and389

different from each other). The 4004 instances are390

split into train:dev:test – 2576:630:798.391

The system is a variational encoder-decoder. The392

encoder consists of a CNN layer that splits the in-393

put sentence embedding into layers of information,394

which it then compresses using a linear layer into395

a small latent representation. The decoder is a396

mirror image of the encoder, but unlike a regular397

variational auto-encoder, it does not reconstruct the398

input. Sentence embeddings have 768 dimensions,399

and are compressed on the latent layer to size 5.400

To encourage the sentence chunk structure to be401

encoded in the latent layer, each input in will be de-402

coded into out+ – a different sentence but with the403

same chunk structure – using the Nnegs sentences404

with different structure than the input as contrastive405

examples. While the system receives a supervision406

signal – the correct output – it does not receive407

9The pattern uses the BNF notation: pp1 and pp2 may be
included or not, pp2 may be included only if pp1 is included

explicit information about a sentence’s structure. 408

While there are 14 structure patterns in the data, 409

each instance contains 7 randomly chosen negative 410

instances. So with respect to the sentence structure, 411

there is only indirect supervision. 412

4.2 Performance comparison 413

We apply this approach to the provided sentence 414

data when using the SCLS , SAV G and STrand
sen- 415

tence representations. We present two perspectives 416

of the performance: (i) in terms of F1 averages 417

over three runs (how well does the system perform 418

in building a sentence representation closest to the 419

correct one) shown in Figure 5 and (ii) an analysis 420

of the latent layer of the system, shown in Figure 6. 421

Despite high results on the syntactic and seman- 422

tic Holmes tasks, detecting the chunk structure is 423

not successful on the DeBERTa embeddings. This 424

may be because of DeBERTa’s optimized train- 425

ing, with disentangled attention matrices and token 426

embeddings with separate position and content sec- 427

tions, which leads to differently organized embed- 428

dings than BERT, RoBERTa and Electra. BERT 429

and Electra in particular show very high results, 430

with results on STrand
even higher than SCLS . 431

For the purpose of determining whether the vari- 432

ations in sentence representation encode the same 433

information in the same manner, we look at the 434

cross-testing results – training on one representa- 435

tion, and testing on the others (Figure 5). Despite 436

the differences revealed by the cosine similarity 437

analysis, where for Electra the SCLS representa- 438

tions are almost orthogonal to SAV G and STrand
, 439

these experiments show that all three representa- 440

tions encode information about the chunk pattern 441

in a sentence, and moreover, this information is 442

encoded in the same manner. Additional support 443

for this hypothesis comes from the analysis of the 444

latent layer. Figure 6 show the tSNE projection10 445

10We chose the tSNE projection because it preserves the
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BERT
RoBERTa

DeBERTa Electra

Figure 6: Comparison between models using SAVG (⃝), SCLS (▽) and STrand
(+) in detecting the sentence

chunk structure. tSNE plots of the latent layer vectors of the training data represented using SAVG , SCLS and
STrand

, obtained from a model trained on the SAVG 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

of the latent representations obtained from a model446

trained using the SAV G sentence representations.447

After training on the training data represented with448

SAV G, we pass through the encoder the sentences449

in the dataset encoded with all sentence representa-450

tion variations, collect all latents and project them451

in 2D using tSNE.452

The results on the task and the analysis of the453

latent vectors provide complementary views about454

whether structural information is encoded in the455

sentence embeddings. We may obtain high results456

on the task (choosing the sentence with the same457

structure) while for each sentence representation458

the vectors are mapped into a different area in the459

latent space. The tSNE plots show that in fact460

the different types of sentence representations are461

mapped onto shared regions. This is highly signifi-462

cant: it indicates that the clues based on which the463

structure is detected is encoded in a similar manner464

neighbourhoods. We use the tSNE implementation from scikit-
learn, with 2 components and default parameters.

in all the three sentence representations, regard- 465

less of the differences among them we have noted 466

during the previous experiments. 467

Nastase et al. (2024) have shown, through exper- 468

iments on several languages, that sentence embed- 469

dings do not encode chunk structure as an abstrac- 470

tion, but rather linguistic clues – such as phrase 471

boundaries and number information – that can be 472

assembled into the chunk structure. Considering 473

this, and the results in Figure 5 and the plots in Fig- 474

ure 6, this indicates that the SAV G and SCLS en- 475

code the information about phrase boundaries and 476

number in the same manner and in the same loca- 477

tion for BERT and Electra in particular. 478

5 Word and text representations in the 479

embedding space 480

The evolution of the embedding space Proce- 481

durally and scale-wise, we have come a long way 482

from the first distributional models of language in- 483
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spired by Harris (1954) and Firth (1957), with tens484

of thousands of symbolic dimensions computed485

over a small (relative to what is used today) cor-486

pus (Schütze, 1992).Symbolic dimensions are inter-487

pretable, but also brittle, and overlapping, and were488

tackled using clustering (Pantel and Lin, 2002; Blei489

et al., 2003), or dimensionality reduction (Furnas490

et al., 1988; Landauer and Dumais, 1997; Jolliffe,491

2002; Blei et al., 2003). Landauer and Dumais492

(1997)’s approach can be viewed as 3 layer neural493

network, but Bengio et al. (2003) first used a neural494

network to encode the probability function of word495

sequences in terms of the feature vectors of the496

words in the sequence. Pre-trained word embed-497

dings, started with (Mikolov et al., 2013b,a), have498

been shown to encode syntactic and semantic in-499

formation, as regularities in the relative position of500

words in the low-dimensional vector space (Etha-501

yarajh et al., 2019). Currently, contextual embed-502

dings are obtained with transformer-based models503

(Vaswani et al., 2017). Models from the BERT fam-504

ily (Devlin et al., 2019) produce token embeddings505

and sentence representations as the embedding of a506

special [CLS] token. Generative language models507

do not produce sentence embeddings as such, al-508

though approximations can be obtained using word509

definition-like prompts (Jiang et al., 2024).510

Embedding dimensions encode some linguistic511

information: shallow information about sentences512

Nikolaev and Padó (2023b), sentence-level infor-513

mation (Tenney et al., 2019), including syntactic514

structure – reflected as relative positions in the em-515

bedding space that parallel a syntactic tree (Hewitt516

and Manning, 2019; Chi et al., 2020). Deeper ex-517

ploration through simple classification probes (con-518

sisting of one linear NN), has shown that predicate519

embeddings contain information about their seman-520

tic roles structure (Conia and Navigli, 2022; Silva521

De Carvalho et al., 2023), embeddings of nouns522

encode subjecthood and objecthood (Papadimitriou523

et al., 2021), and syntactic and semantic informa-524

tion can be teased apart (Mercatali and Freitas,525

2021; Bao et al., 2019; Chen et al., 2019).526

The geometry of the embedding space The em-527

bedding space of tokens appears to be anisotropic528

(Mimno and Thompson, 2017; Timkey and van529

Schijndel, 2021; Cai et al., 2021), which can ad-530

versely influence model training and fine-tuning.531

Anisotropy could be caused by a few dominant di-532

mensions, that can skew the similarity profile of the533

space (Timkey and van Schijndel, 2021). However,534

the embedding space actually contains isotropic 535

clusters and lower-dimensional manifolds that re- 536

flect word frequency properties (Cai et al., 2021). 537

6 Discussion and Conclusions 538

The output of pretrained language models provide 539

embeddings for individual tokens, and a holistic 540

sentence embedding as the embedding of a spe- 541

cial token. A sentence is often represented through 542

the averaged embeddings of its tokens, or through 543

this special token embedding. In the extreme, we 544

could even use the embedding of a random token 545

to represent the sentence. In this work, we ex- 546

plored how different, or similar, these three types 547

of representations are, and what kind of informa- 548

tion they encode. What we found is a complex 549

picture. Shallow analysis through cosine similar- 550

ity measures shows how distinct these three rep- 551

resentations are, and how they change relative to 552

each other from a baseline system (BERT) with 553

various optimizations (RoBERTa), internal orga- 554

nization changes (DeBERTa) or changes in the 555

training regimen (Electra) of the system. These 556

shallow differences or similarities are not reflected 557

in benchmarks on five types of NLP tasks, where 558

seemingly orthogonal representations lead to very 559

similar results on many tasks. 560

The close performance of the seemingly very dis- 561

tinct sentence representations raises another ques- 562

tion: do they encode similar information in a sim- 563

ilar manner, or the results come from exploiting 564

different, or differently encoded, cues? Experi- 565

ments in detecting a sentence’s chunk structure – 566

the sequence of NP/VP/PP phrases and their gram- 567

matical number attributes – showed that in fact 568

information relevant for reconstructing this struc- 569

ture is encoded in the same manner, as a system 570

trained on one sentence representation has a very 571

similar performance when tested on the other. 572

The experiments presented in this paper add to 573

the complex picture of what kind of information 574

the embeddings induced by pretrained transformer 575

models encode, and how. The results show that 576

embedding dimensions do not encode linguistic 577

information superficially, rather linguistic features 578

are encoded through more complex weighted com- 579

binations of features. Some of these are shared 580

among all tokens in a sentence, and within the 581

holistic sentence embedding. 582

8



7 Limitations583

Synthetic data with 14 structure patterns To584

study the deeper question of whether the different585

sentence embedding variations encode sentence586

structure the same way, we have used a synthetic587

dataset, with limited variation in sentence structure,588

expressed as a sequence of chunks, or phrases. In589

future work we plan to investigate what level of590

structure complexity can be recovered from these591

embeddings, and whether at some complexity level,592

differences among the embedding variations be-593

comes apparent.594

Raw output of transformer models We have595

focused on four pretrained models from the BERT596

family, and analyzed their sentence embedding597

space through cosine similarity, solving tasks and598

detecting sentence structure. We have excluded599

from the related work and analysis sentence trans-600

formers, which fine-tune sentence embeddings for601

similarity. Our aim was to study the raw output of602

the transformer models, and understand the prop-603

erties of the different types of embeddings they604

induce.605

No generative language models We focused on606

models form the BERT family because they explic-607

itly induce sentence representations as the embed-608

ding of a special token, or they can be computed609

as averaged token embeddings. It was crucial for610

our experiments to have several sentence represen-611

tation variations to compare. Generative models612

do not produce sentence embeddings. Represen-613

tations approximating such representations have614

been induced using word definition-like prompts615

(Jiang et al., 2024; Zhang et al., 2024). Our inter-616

est has been to study more fundamental properties617

of transformer-based models, rather than test the618

performance of sentence representation approxima-619

tions.620

Cosine similarity We reported analyses in terms621

of cosine similarity which is the most commonly622

used in the training objective. The analysis in terms623

of euclidean distance did not provide additional624

insights, so it was not included.625
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A Words vs. token embedding similarities distribution885

Figure 7 shows a comparison between the distribution of token and word similarities within the same886

sentence. A tighter distribution – as displayed by RoBERTa embeddings – indicates that all contextual887

embeddings are closer to each other, and thus encode more contextual information. BERT and Electra888

embeddings display distributions with larger standard deviation, indicating that there is more variation889

in the information encoded in the individual tokens and words. Electra token/word distances have a890

higher mean, indicating that these embeddings encode more contextual information than BERT ones. All891

distributions have a high spike close to 0. These pairs include punctuation and "suffix" tokens.892

Lang BERT RoBERTa DeBERTa Electra

English

French

German

Italian

Romanian

Spanish

Figure 7: Cosine similarities histograms computed for words and tokens from 1000 En-
glish/French/German/Italian/Romanian/Spanish.
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B Multilingual embeddings comparison 893

Lang BERT RoBERTa DeBERTa Electra

English

French

German

Italian

Romanian

Spanish

Figure 8: Cosine similarities histograms computed for 1000 English/French/German/Italian/Romanian/Spanish
sentences. In yellow are the distances between SAVG and STrand

, in blue the distances between SCLS and STrand
,

and in purple the distances between SCLS and SAVG.
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C Task results894

Morphology tasks

Syntactic tasks

Semantic tasks

Figure 9: Detailed results on the FlashHolmes benchmark, on morphology, syntax and semantic tasks
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Discourse tasks

Reasoning tasks

Figure 10: Detailed results on the FlashHolmes benchmark, on discourse and reasoning tasks
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D Probing for structure 895

train on test on BERT RoBERTa DeBERTa Electra
CLS CLS 0.896 (0.088) 0.789 (0.027) 0.227 (0.058) 0.955 (0.006)

AVG 0.910 (0.078) 0.793 (0.026) 0.130 (0.025) 0.971 (0.003)
RAND 0.919 (0.070) 0.792 (0.023) 0.139 (0.019) 0.966 (0.002)

AVG CLS 1.000 (0.000) 0.943 (0.013) 0.174 (0.020) 0.999 (0.001)
AVG 0.999 (0.001) 0.936 (0.017) 0.325 (0.087) 0.997 (0.001)

RAND 1.000 (0.000) 0.939 (0.018) 0.327 (0.096) 0.999 (0.001)
RAND CLS 0.998 (0.001) 0.888 (0.009) 0.163 (0.023) 0.999 (0.001)

AVG 0.998 (0.002) 0.895 (0.004) 0.233 (0.048) 0.998 (0.001)
RAND 0.997 (0.003) 0.886 (0.005) 0.221 (0.048) 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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