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Abstract001

Sentence embedding techniques aim to encode key002

concepts of a sentence’s meaning in a vector space.003

However, the majority of evaluation approaches004

for sentence embedding quality rely on the use of005

additional classifiers or downstream tasks. These006

additional components make it unclear whether007

good results stem from the embedding itself or008

from the classifier’s behaviour. In this paper, we009

propose a novel method for evaluating the effect-010

iveness of sentence embedding methods in cap-011

turing sentence-level concepts. Our approach is012

classifier-independent and language-agnostic, al-013

lowing for an objective assessment of the model’s014

performance. The approach adopted in this study015

involves the systematic introduction of syntactic016

noise and semantic negations into sentences, with017

the subsequent quantification of their relative ef-018

fects on the resulting embeddings. The visualisa-019

tion of these effects is facilitated by Concept Sep-020

aration Curves, which show the model’s capacity021

to differentiate between conceptual and surface-022

level variations. By leveraging data from multiple023

domains, employing both Dutch and English lan-024

guages, and examining sentence lengths, this study025

offers a compelling demonstration that Concept026

Separation Curves provide an interpretable, repro-027

ducible, and cross-model approach for evaluating028

the conceptual stability of sentence embeddings.029

1 Introduction030

How can we be certain that a Large Language031

Model (LLM) is capable of distinguishing between032

concepts? Oftentimes, this is tested by prompt-033

ing an LLM and inspecting the agreement of034

the result (Kıyak and Emekli, 2024; Yetisensoy,035

2025). The problems with this approach are two-036

fold. Firstly, it is reliant on costly human annota-037

tions (Wang et al., 2021). Secondly, it makes the038

implicit assumption that correct answers necessar-039

Figure 1: Concept Separation Curves. This example
has been translated from the Dutch sentence "bevelen
geven" (giving orders), which originates from the Com-
petentNL dataset. Initially, a set of permutations is
computed for a given sentence: a) surface-level per-
mutation, and b) semantic change. Following the pro-
cess of embedding each sentence, the difference per
vector is measured. The application of this process to
the entire corpus provides insight into the quality of the
embedding, as demonstrated by the overlap between the
curves.

ily reflect genuine understanding, even though mod- 040

els may succeed without representing the underly- 041

ing concepts(Adi et al., 2017; Bender and Koller, 042

2020). The annotations become even more diffi- 043

cult when such an answer cannot be evaluated by 044

hand, as is the case with the output from sentence 045

encoders (Vaswani et al., 2017). 046

In this research, we propose a method which 047

resolves the annotation issue and sheds light on 048

the understanding. Our method, summarised in 049

Figure 1, is applied to different sentence embed- 050

ding methods. By taking a corpus and performing 051

permutations, we can derive a measure of concept 052

separability by the embedding method. The per- 053

mutations are key, as they are required to em- 054

body different concepts. A concept is defined as 055

a thought or idea (Vocabulary.com, 2025), and as 056

such, it can be difficult to generate sentences with 057

different concepts automatically. Due to this, we 058

define a set of rules for the permutation and imple- 059

ment an example in the form of negation. 060

Unlike existing evaluation approaches((Adi 061
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et al., 2017)), our method does not rely on an-062

notated datasets or classifiers; instead, it isolates063

semantic changes (such as negations) from surface-064

level permutations (such as added noise). This065

makes it possible to directly assess how sensitively066

an embedding represents meaning, independent of067

external modelling choices. Although we use our068

approach on data in two languages (Dutch and Eng-069

lish), it is designed to generalise across others as070

well.071

To make these claims concrete, we make the072

following contributions:073

• We introduce Concept Separation Curves074

(CSCs), a classifier-independent method for075

evaluating sentence embeddings by contrast-076

ing semantic and surface-level permutation.077

• We propose an automated, annotation-free078

permutation framework based on controlled079

fuzzing and negation for language-agnostic080

assessment of conceptual stability.081

• We define a geometric overlap measure to082

quantify separation between semantic and083

non-semantic effects in embedding space.084

• We analyse embedding behaviour across mod-085

els, languages, and sentence lengths, identi-086

fying failure modes related to token position087

sensitivity and sentence length.088

In the rest of the paper, we will delve into related089

work. Then, we describe our methods, which focus090

on language analysis instead of expert knowledge.091

Finally, we discuss the results and implications of092

our methods.093

2 Related work094

To give a better overview, we split the related work095

into two groups: permutations and concept valid-096

ity.097

The impact of text manipulation on the resulting098

embeddings has been a subject of research for some099

time. One of the most relevant to this paper is the100

one by Wang et al. (Wang et al., 2022). They make101

a distinction between different types of automated102

negations of text to train an embedding. As such,103

it is closely related to both the Mission Impossible104

Languages by Kallini et al. (Kallini et al., 2024)105

method and GPT understanding by Liu et al. (Liu106

et al., 2024). All these methods alter input text107

to train LLMs; the latter two (by Kallini and Liu)108

focus on GPT, the first focuses on embedding. Our 109

method also has a focus on embeddings, yet we do 110

not train on the generated data. Furthermore, we 111

also insert terms to create noise to compare with 112

the negations. 113

Concept validation of embeddings in NLP has 114

been studied in various contexts, including se- 115

mantic similarity, interpretability, and alignment 116

with human judgments. One of the studies in this 117

area was conducted by Fang et al. (Fang et al., 118

2022). In this study, they describe how they alter 119

and measure the ESS questionnaire texts. They 120

use a manual approach to generating texts, which 121

ought to be more or less similar, describing the 122

same properties. The difference between similar 123

and dissimilar is then used as the basis for a boxplot. 124

In our research, we do not alter any text manually, 125

nor do we annotate the expected outcome. We base 126

ourselves purely on grammar, thus reducing bias 127

in the generated output. This is not to say that our 128

method has no bias, but its impact is expected to 129

be reduced (Dror, 2020). 130

3 Methods 131

To measure whether a language model is capable 132

of capturing a concept, we introduce CSCs. CSCs 133

quantify how sensitively an embedding model re- 134

acts to semantic variations (meaning changes) com- 135

pared to non-semantic variations (surface-level per- 136

mutations). This allows us to assess whether em- 137

beddings preserve conceptual meaning when sen- 138

tence form changes. These curves visualise the 139

split between two types of alterations in a domain 140

after being embedded by a text embedding. Spe- 141

cifically, each sentence is modified through two 142

parallel processes: Fuzzing, which introduces non- 143

semantic variations, and Negation, which intro- 144

duces semantic variations. The embeddings of the 145

altered and original sentences are then compared, 146

and when applied across an entire corpus, the res- 147

ulting distribution patterns form the CSCs. The 148

overview of the process is shown in Figure 2. 149

3.1 Data 150

The data used in this paper is intended to show the 151

broad applicability of our method. Furthermore, 152

we wish to evaluate whether our method indeed 153

works across domains and languages. To evalu- 154

ate our method, we aim to reduce the impact of 155

other variables. The two variables we wish to isol- 156

ate in terms of effect are language and sentence 157
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Figure 2: Approach setup, square components are
algorithmic processes. This setup summarises the
pipeline: from text alteration to embedding and sim-
ilarity computation.

length. The amount of data available in a language158

has been shown to impact the quality of embed-159

ding algorithms (Koto et al., 2024). Hence, we160

use sources from two languages with differences161

in the amount of available content: Dutch and Eng-162

lish. For estimating the differences in available163

content, we used the number of available Wikipe-164

dia articles as a heuristic (Wikipedia, 2025a). This165

source was selected as it is commonly used for166

training many of the state-of-the-art LLM encoders.167

In terms of difference, at the time of writing, the168

number of English pages is 62.3∗106 with a total of169

48.0∗108 words (Wikipedia, 2025b). This contrasts170

with the Dutch language, totalling 4.68 ∗ 106 pages171

and 5.30 ∗ 108 words (Wikipedia, 2025c). Such a172

large difference between the languages might be173

reflected in the performance of the algorithms. The174

sentence length might also significantly impact the175

results. As previously mentioned, the research by176

Liu et al. (Liu et al., 2024) shows the impact of177

inserting a singular term. In our method, we also178

describe the process of adding a word to a sentence.179

The impact in terms of volume strongly depends on180

the number of words present. Altering a singular181

word in a five-word sentence can have a larger im-182

pact than on a twenty-word sentence. We selected183

the corpora based on finding and detecting any of184

these issues.185

The corpora we selected are CompetentNL186

(CNL), ESS Questionnaire (ESS), and Paracrawl187

(PC) (Bañón et al., 2020). CNL is a short sentence188

Dutch corpus describing skills. For this research,189

we define a short sentence corpus as one where190

the majority of the sentences contain fewer than 10191

tokens. The ESS is the same as used by Fang et192

Sentence length
Short Long

Dutch CNL, PC_filtered PC
English PC_filtered ESS, PC

Table 1: Overview of the different data sources used
and key properties.

# Tokens CNL ESS PC_EN PC_NL
0-10 99.26% 5.32% 32.99% 33.41%

10-20 0.72% 30.85% 31.74% 31.21%
20-30 0.02% 26.60% 18.92% 18.71%
30-40 0.00% 26.60% 8.96% 8.85%
40-50 0.00% 10.64% 3.73% 4.05%
≥50 0.00% 0.00% 3.66% 3.77%

Sentences 4738 94 2560472 2560472

Table 2: This table shows, per source, the percentage of
sentences with a token count in a given range. Below the
percentages, the total number of sentences from which
the tokens were extracted is shown.

al. (Fang et al., 2022), it comprises a set of Eng- 193

lish questions of varying length. PC is a corpus 194

of both Dutch and English texts from web pages. 195

These crawled texts have a large variety of sentence 196

lengths. To give a better overview of the statistics 197

per source, an overview is given in Table 2. The 198

main difference between PC and the others is that 199

it is not as strongly bound to a singular domain. 200

CNL limits itself to short skill descriptions, and 201

ESS specifically to questions from a singular ques- 202

tionnaire. Hence, both can be labelled as narrow 203

datasets. The PC, however, is selected not to test on 204

the domain, but to serve as a test of both language 205

and sentence length. The relationship between the 206

sources regarding the main identified variables is 207

depicted in Table 1. In this Table, we also intro- 208

duce the PC_filtered set. This is a subset of the 209

PC dataset, which is reduced to sentences with the 210

same length as the CNL dataset. This combination 211

of sources is expected to give a good impression of 212

the described variables. 213

3.2 Fuzzing and Negation 214

Each of the sentences from the sources goes 215

through two modification processes: Fuzzing and 216

Negation, as shown in Figure 2. 217

Fuzzing serves as a control condition that intro- 218

duces minimal, non-semantic textual permutations, 219

allowing us to test how stable an embedding re- 220

mains when surface form changes but meaning is 221

preserved. We define Fuzzing as the alteration of a 222

sentence without altering its concept. 223
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Negation, in contrast, represents a targeted se-224

mantic permutation: it minimally changes the sur-225

face form while deliberately inverting the sen-226

tence’s conceptual meaning. This allows us to ex-227

amine whether embeddings are sensitive to genuine228

semantic shifts rather than superficial textual ones.229

Furthermore, we limit the Negation to change an230

equal number of tokens as the Fuzzing. This restric-231

tion on the Negation is to ensure that any measured232

effect can only be explained by the contents of233

the change, not by differences in the number of234

inserted tokens.235

In this research, we implement both Fuzzing236

and Negation through token addition. For Fuzz-237

ing, we insert articles in the respective languages,238

"de" or "het" in Dutch, and "a" or "the" in English.239

This simple insertion strategy aligns with many240

embedding methods that operate at the token level241

(Vaswani et al., 2017; Devlin et al., 2019a). Accord-242

ingly, we use a single-token insertion to introduce243

controlled surface-level variation. For Negation,244

we insert a single negative particle: "niet" in Dutch245

and "not" in English. This addition minimally246

changes the sentence’s structure while reversing247

its propositional meaning.248

The insertion procedure is visualised in Figure 3.249

The full procedure works as follows: First, all vi-250

able locations for insertion are detected (displayed251

in red under the text). Viable locations are defined252

as in front of any word in a sentence. Second, given253

the available insertion terms (in green), create a list254

of all possible combinations of terms and locations255

(the list in blue). This combination is randomly256

shuffled. Finally, select and perform up to X op-257

tions (red circles surrounding items in the blue list).258

Each option results in a new sentence (as depic-259

ted at the bottom of the figure). This procedure260

was chosen to be able to limit the data generation.261

Given time constraints, the chosen value for X was262

3. This data generation procedure works for both263

Fuzzing and Negation.264

Although this algorithm is identical for Negating265

and Fuzzing, the number of sentences it returns for266

both is not guaranteed to be the same. As depicted267

in Figure 3, the insertion locations are base on the268

sentence and as such do not differ between Nega-269

tion and Fuzzing. The insertable items (shown in270

green in the figure) could differ between the opera-271

tions. Thus, the possible number of generated sen-272

tences (based on the length of the list in blue) could273

differ as well, given that each pair corresponds to274

an output sentence. This difference is handled by275

Figure 3: Depiction of the sentence generation process
for the fuzzing. Parts not visualised are the random
shuffling. This sentence is translated from "beslissingen
maken" from the CompetentNL source.

normalisation in the comparison step (explained in 276

subsection 3.4). For now, it is important to note 277

that the chosen Fuzzing and Negation, although 278

identical in their algorithm, are not identical in the 279

expected output volume. 280

3.3 Models 281

In this research, we focus on understanding embed- 282

ding methods. Any model fitting the capabilities of 283

turning a text into a vector (as depicted in Figures 2 284

and 1) can be used. As such, a non-Dutch model 285

could be applied to the Dutch language. However, 286

such a mismatch ought to result in worse outcomes. 287

To test this, we apply every model to every source, 288

even if there is a mismatch between the model’s 289

supported language and the source language. 290

Firstly, for a baseline, we use Term Frequency 291

Inverse Document Frequency (TFIDF) (Pedre- 292

gosa et al., 2011). This is a simple yet effective 293

method which does not consider word order and 294

is not trained on a large corpus. It is common to 295

use a stopword removal step before applying this 296

algorithm. Yet, for our method to work, it is critical 297

not to remove stopwords which might be added in 298

the Fuzzing or Negation steps. Therefore, instead 299

of curating a stopword list, we decided to omit the 300

stopword removal altogether. 301

The second approach we use is Fasttext (Joulin 302

et al., 2016). This model is available in both Dutch 303

and English in a pre-trained format. Although it 304

is an older model, it is a method which can em- 305

bed sentences, making it a suitable baseline for 306

embedding-based methods. 307

Finally, we use multiple state-of-the-art sen- 308

tence embeddings; GroNLP (de Vries et al., 2019), 309

MPNET (Song et al., 2020), RobBERTa (Delo- 310

belle et al., 2020) and LaBSE (Feng et al., 2022). 311
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These models have been pre-trained on different312

sources. GroNLP is specifically trained on Dutch313

corpora, although it might contain some English314

terms. The MPNET and RobBERTa models have315

been trained on English corpora, while LaBSE is316

designed for cross-lingual applications using a vari-317

ety of languages. All of these models are based on318

the original BERT (Devlin et al., 2019b), yet each319

is configured or trained differently to suit specific320

needs.321

3.4 Concept Separation Curves322

The goal of Concept Separation Curves is to illus-323

trate the understanding of a text embedding model324

without annotations. This method does so by gen-325

erating at least three vectors for one text: the ori-326

ginal text vector, the fuzzed vector, and the negated327

text vector. The hypothesis for our method centres328

around two different observables:329

• The Fuzzed Vectors should stay close to the330

original embedding. The meaning is the same,331

but a change was made regardless.332

• The Negated Vectors should show a differ-333

ence with the original, which is larger than334

the Fuzzed Vector differences. The meaning335

differs from the original; as such, the impact336

on the vector ought to be greater.337

To perform this comparison, we propose338

Concept Separation Curves (CSCs). CSCs are a339

visualisation of how a text embedding technique340

responds to concept alteration compared to textual341

alteration. The response to concept alteration and342

textual alteration impact curves are both plotted in343

the same graph. These curves are made by compar-344

ing the vectors of the original sentence with both345

the negated and fuzzed vectors. This results in two346

curves, one for the negated similarity and one for347

the fuzzed. These curves are intended to show the348

sensitivity to Fuzzing and how different the Nega-349

tion impacts the resulting vectors. To improve the350

readability of the curves and focus on the under-351

lying distribution, we perform a Gaussian kernel352

density estimation function (Virtanen et al., 2020)353

on the raw data. The resulting curves can differ354

wildly as the Negation and Fuzzing process do not355

guarantee an equal output volume (as explained356

in subsection 3.2). To this end, we perform the357

surface normalisation as defined in equation 1.358

norm(d, i) =
di∑1

j=−1 dj
(1)359

In this normalisation, let d represent the density 360

and i the inspected value within the range [-1,1], 361

and di the density at i. Just like i, j also iterates 362

over the values in d, meaning that for both there 363

is an overarching resolution. The meaning of this 364

resolution is the number of steps to inspect in this 365

[-1, 1] range. Intuitively, this normalisation ensures 366

that the total area under each density curve equals 367

1, allowing a fair comparison between the Negation 368

and Fuzzed distributions regardless of their differ- 369

ing volumes. The resulting values are plotted in a 370

line plot for both the negated and fuzzed densities. 371

One aspect which can be difficult to spot in the 372

plot is the shared surface between the curves. Due 373

to possible small differences across all similarities, 374

these differences can add up without being easy 375

to spot. To circumvent this, we also compute the 376

shared surface using the equation shown in equa- 377

tion 2. 378

1∑
i=−1

min(norm(fuz, i), norm(neg, i)) (2) 379

In this equation, fuz stands for the fuzzed simil- 380

arity density distribution and neg for the negated. 381

The function describes how we normalise these 382

density distributions of f and n, resulting in each 383

adding up to 1. The normalisation is required to 384

compensate for the potential difference in volume. 385

This difference in volume is expected due to poten- 386

tial differences in negated terms and fuzzed terms 387

(as explained in subsection 3.2). Then we are in- 388

terested in the overlap between these values, and 389

go through values i from -1 to 1, taking the min- 390

imum value between fuz and neg. This results 391

in an overlap score ranging from 0 to 1, where 0 392

indicates no overlap and 1 is a perfect overlap. 393

Finally, there is a chance that some alterations 394

in the vector are due to the text being out of dis- 395

tribution. Because our generated sentences are 396

not expected to always have correct grammar, it 397

might be that embedding models like BERT gener- 398

ate wildly different vectors. To check for this, we 399

use a method based on Wang et al. (Wang et al., 400

2022) to generate negations with more grammat- 401

ically correct negations. In their original method, 402

they add a negation if none is present and add one 403

if not present. We adjust this by only allowing the 404

addition. Furthermore, this method is specific to 405

the English language. Thus, we only apply it to the 406

English corpora. 407
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4 Results408

In this section, we present the main patterns ob-409

served in the CSCs, illustrating both desirable and410

failure-case behaviours, followed by a quantitat-411

ive analysis of their overlap. The complete set of412

curves can be found in the Appendx 7.First, we413

start with an expected and desired curve, followed414

by different types of negative results.415

An example of good concept separation is shown416

in Figure 4. In this figure, CNL data is used in417

combination with the GroNLP model. This plot418

shows a nice separation between concepts. The419

fuzzed curve is close to 1, thus showing a high420

similarity to the original. The negated sentence421

curve is to the left of the fuzzed curve, showing an422

increased dissimilarity to the original sentence. As423

such, it displays that the encoded vector governs a424

different concept. The overlap is indicative of two425

groups: fuzzed sentences where the Fuzzing had a426

large impact, and Negations with a small impact.427

As this overlap is small and the Negations are more428

dissimilar to the original compared to the fuzzed429

sentences, this displays a good concept separation.430

Figure 4: Concept Separation Curves using Gaussian
kernel density estimation on the CNL data and the
GroNLP embedding model. This graph shows an over-
lap of 0.0221.

Not all embeddings perform as nicely as the431

already shown GroNLP. For instance, the FastText432

embedding, as shown in Figure 5. Here, the Neg-433

ations are more similar to the original sentence434

than the fuzzed sentences. As such, this algorithm435

cannot be stated to have encoded the concept of a436

sentence. Another example of a less-than-desirable437

result is the one shown by sBERT MPNET in Fig-438

ure 6. Although the fuzzed sentences are slightly439

more similar to the original, there is a second peak440

near -1. This can be seen across datasets and lan-441

guages. Given that the only constant in our altera- 442

tion is the addition of a token, we have to conclude 443

that this algorithm reacts heavily to the change of 444

token position. As such, it behaves more akin to a 445

hashing algorithm rather than a concept embedding. 446

Both these patterns show that the used embedding 447

has difficulty discerning concepts. 448

Figure 5: CNL data with FastText embedding. The
overlap is 0.6652

Figure 6: ESS data with sBERT MPNET embedding.
The overlap is 0.9810

The final pattern of note we discovered in our 449

results is the sentence length effect. This effect 450

is visible in Figure 7. The unfiltered and filtered 451

data are from the same domain and language. The 452

only difference is the length of the sentences. The 453

curves of the unfiltered, therefore longer texts, are 454

less pronounced and thus more difficult to perceive. 455

With even longer sentences, this effect is expected 456

to worsen. As such, we see that with increased sen- 457

tence length, our method decreases in its detection 458

capabilities. 459

In previously shown results, the overlap is in- 460

cluded in each plot. The complete overview is 461

given in Table 3. In this Table, there are stark 462

differences between models. The Dutch GroNLP 463

appears to be the best at each Dutch dataset, and 464
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CNL PC NL Filt. PC EN Filt. PC NL PC EN ESS
TFIDF 0.2993 0.7684 0.6015 0.9449 0.8614 0.4516
GroNLP 0.0221 0.0861 0.8056 0.2925 0.9449 0.8767
LaBSE 0.1984 0.4632 0.3588 0.5168 0.5635 0.3511
Fasttext NL 0.6652 0.6825 0.8809 0.7402 0.8692 0.8072
Fasttext EN 0.7764 0.7977 0.7652 0.8804 0.9405 0.9549
MPNET 0.9756 0.9813 0.9496 0.9874 0.9523 0.9810
RobBERTa 0.9605 0.9726 0.9488 0.9905 0.9410 0.9773

Table 3: Normalised area overlap of Fuzzed and Negated curves.

(a) Unfiltered, 0.5168 (b) Filtered, 0.4632

Figure 7: LaBSE algorithm on PC NL data, in both
its raw form and filtered to the short sentence lengths
present in the CNL dataset.

the same is the case for LaBSE in English. Further-465

more, some models appear to have a near-perfect466

overlap as the values are close to 1. This holds for467

longer sentences as well, even though optical in-468

spection of the curves for this data is more difficult.469

5 Discussion470

In this paper, we demonstrated a method for471

measuring the concept certainty of embedding al-472

gorithms. Unlike other approaches, our approach473

does not rely on human annotations, nor does it474

utilise a classifier. This makes our method easy to475

apply in other languages and even makes it access-476

ible per domain.477

Effects of Sentence Length and Token Position.478

When inspecting the results, the length of a sen-479

tence appears to be the strongest limiting factor.480

This makes sense as we alter a smaller percentage481

compared to the size of the sentence. Altering in482

a significant manner for such text would either in-483

volve larger insertions or shortening the sentences484

first. The problem with the larger insertions is that485

with each insertion, some meaning could be altered.486

For instance, in short sentences, there is already487

some impact with the Fuzzing, as there might be a488

difference between "a bike" and "the bike". This489

effect is cumulative; thus, when applied in larger490

volumes, the concept is nearly bound to change. As491

such, we expect that it might be beneficial for our 492

method to reduce sentences to a shorter format. 493

Next to the sentence length, some algorithms 494

struggled with the position of words. Especially 495

in short sentences, the MPNET and RobBERTa al- 496

gorithms changed the vectors drastically for both 497

Negation and Fuzzing. Whilst the impact of Fuzz- 498

ing and Negation ought to be different, they were 499

nearly negligible. We believe this is due to the po- 500

sition of the tokens in the sentence. These results 501

are more akin to a positional hashing algorithm, 502

rather than a content embedding. Given that both 503

insertion algorithms do not append at the end of a 504

sentence, this might result in the findings for both 505

algorithms. 506

Implications for Embedding Evaluation. Fi- 507

nally, the impact of language on the task appeared 508

to be present, yet minor. When inspecting Table 3 509

and the Figures, a pattern emerges that certain mod- 510

els perform best for a specific language. Other 511

than the best, there is a difference between the lan- 512

guages in terms of the spread of overlap. When 513

looking at the statistics between the English data 514

and Dutch data, we see that Dutch has an average of 515

0,6668 (σ 0,2658) and English 0,7992 (σ 0.1622). 516

This difference is not completely fair, as there are 517

more English models than Dutch models in our 518

test. However, it is a rather striking difference, 519

which could be explained by differences between 520

languages. In Dutch, a double negative is seldom 521

used, whereas in English, although shunned, it is 522

more common. 523

6 Limitations and Future Research 524

A potential limitation of the present study is its 525

reliance on the incorporation of terms into a sen- 526

tence. However, it should be noted that this method 527

may not be universally applicable, as in some lan- 528

guages, addition cannot be used to obtain a negative 529

value. Consequently, a potential avenue for future 530
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research could involve exploring alterations as a531

substitute for additions532

An additional constraint is that the available re-533

sources for the languages do not encompass ant-534

onyms and synonyms. Instead of inserting terms535

for both Fuzzing and Negation, it would be possible536

to use synonyms and antonyms for these opera-537

tions. An effort was made to use publicly available538

antonyms and synonyms. However, analysing the539

number of synonyms and antonyms in our dataset540

showed that, on average, each sentence had fewer541

than 1 word from either, with a negligible num-542

ber of sentences containing both a synonym and543

an antonym. As such, it was deemed not viable,544

for it would not alter enough sentences. If a more545

complete set of synonyms and antonyms were avail-546

able, this would be of interest to compare against547

the obtained results from this research.548

An important note to the results presented in this549

research is that our measure is not directly related550

to its capabilities in other tasks. The simplest ex-551

ample would be a list comprising all search terms552

in a domain. When looking for an item, it can be553

retrieved quickly and precisely, even while the user554

is still typing the full query. Such a system would555

not have high concept validity. As the Fuzzing556

might completely offset its results, a precise posi-557

tion might be relevant. Thus, our research does not558

indicate the performance of other tasks It can be559

used, however, in domains where certainty plays a560

key role. The implications of our research for the561

results in other fields, however, are a topic which562

might warrant further research.563

Another point of interest is the extension of the564

proposed method. In the results, we highlighted565

different stereotypical curves. These effects are not566

guaranteed to be visible from the total overlap. An567

example would be an embedding where the Fuzz-568

ing has a peak near -1 and a Negation near 1. Such569

a curve would display that the method can make a570

distinction between concepts and correctly have an571

overlap value of 0. However, the problem would be572

that there might be some underlying effect causing573

such an abnormality. Possibly due to token order574

sensitivity and not filtering the negated words. We575

did not encounter this effect, but the method could576

be extended to include measurements to check for577

such an effect.578

The measurement employed, the cosine similar-579

ity, is another potential avenue for enhancement.580

The usage of the cosine similarity reduces the com-581

parison to a single number, whilst the true change582

of the permutation might be too local for a sig- 583

nificant change. As such, a model with a higher 584

dimensionality (for instance, 700+), reacting to our 585

method on just 1 dimension, would perform worse 586

compared to a lower-dimensional model. To cor- 587

rect for this, a more thorough comparison of the 588

vectors could be devised. 589

Finally, it is possible to extend our method to dif- 590

ferent types of input alteration. These alterations 591

could involve altering a noun or verb, compared to 592

changing a domain-specific irrelevant term. An ex- 593

ample would be: "Applicant should be able to drive 594

a car", fuzzing it into "He should be able to drive a 595

car" and the alteration being "Applicant should be 596

able to drive a boat". The problem we found with 597

such alterations is that they are more domain-bound 598

and require more complex algorithms to automat- 599

ically construct (if at all possible). The alterations 600

themselves could be done in a more fine-grained 601

approach tailored to a specific domain. 602

7 Conclusion 603

In this research, we looked into a method for find- 604

ing the concept validity of embedding models. Our 605

method encompassed a difference analysis of Fuzz- 606

ing and Negation to accomplish this. We found that 607

there are differences between models in terms of 608

validity. The proposed Concept Separation Curves 609

visualise and quantify how much a sentence embed- 610

ding cares about meaning. Furthermore, some mod- 611

els were unable to distinguish between the same 612

and different concepts, whereas others were not. 613

Additionally, we found that some algorithms re- 614

acted heavily to the position of tokens. Given the 615

range of applied datasets, we expect this effect is 616

not tied to the used data in terms of length and 617

language. As such, it appears these models do not 618

capture the underlying concepts. 619
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Appendix746

In this appendix, we show the additional curves747

underlying our conclusion. The results displayed748

in this section are grouped by data source. For each749

source, the figures are plotted in a reduced format750

to illustrate the overall curve. The full-size figures751

are appended at the end of the paper. Finally, the752

table with all computed overlap scores is shown.753

First, we look into the CNL results. When com-754

paring the different embedding methods in Figure 8,755

it is apparent that specific models underperform sig-756

nificantly and TFIDF works better than expected.757

The shortened Paracrawl data is displayed in758

Figure 9. It strongly resembles the CNL results,759

yet the exact curves per algorithm are different.760

Specifically, the MPNET, RobBERTa and TfIDF761

show diverging results.762

The ESS questionnaire results shown in Fig-763

ure 10 show a strong reduction in the impact of764

negated and fuzzed. There are differences in the765

fuzzed and negated curves, but they lack the pro-766

nounced differences shown in previous figures.767

The full-length Paracrawl set is displayed in Fig-768

ure 11. Here, the effects of the alteration are also769

relatively small compared to one of the short sen-770

tence formats. As such, it follows the same pattern771

as the ESS questionnaire data.772
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(a) Fasttext (b) GroNLP (c) LaBSE

(d) sBERT MPNET (e) sBERT RobBERTa (f) TFIDF

Figure 8: CNL results

(a) Fasttext (b) GroNLP (c) LaBSE

(d) sBERT MPNET (e) sBERT RobBERTa (f) TFIDF

Figure 9: PC NL filtered results
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(a) Fasttext (b) GroNLP (c) LaBSE

(d) sBERT MPNET (e) sBERT RobBERTa (f) TFIDF

Figure 10: ESS results

(a) Fasttext (b) GroNLP (c) LaBSE

(d) sBERT MPNET (e) sBERT RobBERTa (f) TFIDF

Figure 11: PC NL unfiltered results
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