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Abstract001

Semantic textual similarity (STS) underpins002
retrieval, clustering, and semantic understand-003
ing, yet remains underexplored for Arabic due004
to limited high-quality datasets and sentence005
embedding models. We introduce GATE, a006
General Arabic Text Embedding framework007
that achieves state-of-the-art performance on008
Arabic STS benchmarks within MTEB. GATE009
integrates Matryoshka Representation Learn-010
ing with a novel hybrid training strategy that011
combines STS ranking and NLI classification012
using Arabic triplet data. This design yields013
embeddings that capture fine-grained Arabic014
semantics while remaining robust across mul-015
tiple embedding dimensions. Despite using016
significantly fewer parameters, GATE outper-017
forms larger multilingual and proprietary mod-018
els by 20-25% on Arabic STS. Beyond ac-019
curacy, GATE enables efficient deployment020
through variable-dimension embeddings, of-021
fering strong performance retention at re-022
duced dimensionalities suitable for resource-023
constrained settings. Our results demonstrate024
that combining semantic-rich supervision with025
multi-dimensional representations provides a026
practical and effective solution for Arabic sen-027
tence embeddings.028

1 Introduction029

Text embeddings are a foundational component030

of modern NLP systems, enabling applications031

such as clustering, information retrieval, and se-032

mantic similarity estimation (Reimers, 2019; Gao033

et al., 2023, 2021). Most high-performing embed-034

ding models rely on contrastive learning, which035

optimizes representations by drawing semantically036

related texts closer while separating unrelated037

ones (Gao et al., 2021; He et al., 2020; Radford038

et al., 2021).039

Despite their success, current embedding040

pipelines typically follow a two-stage process:041

large-scale weakly supervised pre-training fol-042

lowed by fine-tuning on curated text pairs (Li et al.,043

2023; Wang et al., 2022). These approaches pre- 044

dominantly rely on InfoNCE-style objectives with 045

in-batch negatives (He et al., 2020), which are effec- 046

tive for retrieval but less suited for sentence-level 047

semantic tasks. Recent studies show that Seman- 048

tic Textual Similarity (STS) in particular benefits 049

from objectives that explicitly model graded se- 050

mantic relations rather than purely contrastive sig- 051

nals (Huang et al., 2024). 052

Prior work has demonstrated that unsupervised 053

pre-training objectives do not necessarily yield sen- 054

tence embeddings aligned with human semantic 055

judgments. Reimers and Gurevych (Reimers, 2019) 056

showed that fine-tuning on Natural Language Infer- 057

ence (NLI) data reshapes the embedding space by 058

explicitly encoding entailment and contradiction, 059

leading to substantial gains on STS benchmarks. 060

Such semantic-rich supervision is especially impor- 061

tant for Arabic, where rich morphology, flexible 062

word order, and the absence of diacritics amplify 063

semantic ambiguity. 064

Arabic exhibits linguistic properties that differ 065

substantially from Indo-European languages such 066

as English, posing unique challenges for sentence 067

embedding models. It is characterized by rich tem- 068

platic morphology, where words are derived from 069

root-pattern combinations, leading to high surface- 070

form sparsity and weak lexical overlap between 071

semantically related sentences (Habash, 2010; An- 072

toun et al., 2020). Additionally, standard written 073

Arabic typically omits diacritics, resulting in ortho- 074

graphic ambiguity where identical surface forms 075

may correspond to multiple meanings depending 076

on context (Abdul-Mageed et al., 2020). Arabic 077

also allows relatively flexible word order com- 078

pared to the more rigid syntactic structures of En- 079

glish, further complicating sentence-level semantic 080

alignment. As a consequence, embedding models 081

trained primarily on Indo-European languages tend 082

to over-rely on surface-level lexical cues, which 083

are less informative in Arabic. These characteris- 084
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Work Embedding Size Primary Language Focus Hybrid Loss Multi-Dimensional Semantic-Rich Fine-Tuning
OpenAI Text-Embedding v3 (OpenAI, 2023) 1536 / 3072 Multilingual ✗ ✓ ✗

E5-Mistral-7B-Instruct (Wang et al., 2023) 4096 English-Focused ✗ ✗ ✗

Udever-Bloom-1B1 (Zhang et al., 2023) 1536 Multilingual ✗ ✗ ✗

EmbeddingGemma (Vera et al., 2025) 768,512,256,128 Multilingual ✗ ✓ ✗

AraBERT (Antoun et al., 2020) 768 Arabic-Specific ✗ ✗ ✗

MARBERT (Abdul-Mageed et al., 2020) 768 Arabic-Specific ✗ ✗ ✗

LaBSE (Feng et al., 2020) 768 Multilingual ✗ ✗ ✗

Multilingual E5 (Wang et al., 2024) 384 Multilingual ✗ ✗ ✗

GATE Models (Proposed) 768, 512, 256, 128, 64 Semantic Arabic-Specific ✓ ✓ ✓

Table 1: Comparison of GATE with recent Arabic, multilingual, and lightweight embedding models by training
strategy and representation design.

tics motivate the use of semantic-rich supervision,085

such as Natural Language Inference and STS objec-086

tives, to encourage embeddings to encode deeper087

semantic relations beyond lexical similarity.088

To address these challenges, we introduce089

GATE, a General Arabic Text Embedding model090

that integrates Matryoshka Representation Learn-091

ing (MRL) (Kusupati et al., 2022) with a multi-task092

hybrid training strategy. GATE jointly optimizes093

semantic ranking for Semantic Textual Similarity094

(STS) and classification for Natural Language Infer-095

ence (NLI) using Arabic-specific datasets and hard096

negatives, overcoming the limitations of single-097

loss, InfoNCE-only training (Gutmann and Hyväri-098

nen, 2010). Through semantic-rich Arabic fine-099

tuning and multi-dimensional representation learn-100

ing, GATE produces scalable embeddings that re-101

tain strong performance across multiple output di-102

mensions while capturing fine-grained Arabic se-103

mantics.104

2 Related Work105

Semantic Textual Similarity (STS) (Cer et al.,106

2017) is a core NLP task that measures graded107

semantic equivalence between sentence pairs and108

underpins applications such as machine translation,109

summarization, and question answering (Pathak110

et al., 2019; Liu et al., 2022; Wu et al., 2021). As111

a result, STS has become a primary benchmark112

for evaluating the quality of sentence embedding113

models.114

Recent advances in representation learning have115

shown that sentence embeddings derived solely116

from masked language modeling objectives are117

poorly aligned with human judgments of seman-118

tic similarity. Reimers and Gurevych (Reimers,119

2019) demonstrated that fine-tuning on Natural120

Language Inference (NLI) data reshapes the em-121

bedding space by explicitly encoding entailment122

and contradiction relations, leading to substantial123

gains on STS benchmarks. Subsequent work has124

adopted semantic-rich supervision using NLI and 125

STS objectives, often with ranking or triplet-based 126

losses, to improve sentence-level semantic align- 127

ment. However, most of these approaches focus on 128

English or multilingual settings and rely on fixed- 129

dimensional embeddings, leaving Arabic-specific 130

semantic modeling relatively underexplored. 131

Matryoshka Representation Learning 132

(MRL) (Kusupati et al., 2022) addresses ef- 133

ficiency and scalability by learning hierarchical 134

embeddings that remain effective when truncated 135

to lower dimensions. Recent embedding systems, 136

including OpenAI’s third-generation models (Ope- 137

nAI, 2024), demonstrate the practical value of 138

multi-dimensional representations for deployment. 139

At the same time, large language models such as 140

E5-Mistral-7B-Instruct (Wang et al., 2023) and 141

Udever-Bloom-1B1 (Zhang et al., 2023) achieve 142

strong general-purpose performance, but are 143

computationally expensive and not optimized for 144

Arabic-specific semantic distinctions. 145

In Arabic NLP, models such as AraBERT (An- 146

toun et al., 2020) and MARBERT (Abdul-Mageed 147

et al., 2020) improve language understanding by 148

adapting pretrained transformers to Modern Stan- 149

dard Arabic and dialectal content. Multilingual 150

models, including LaBSE and Multilingual E5, 151

extend coverage across languages but continue 152

to struggle with fine-grained Arabic semantics 153

in STS tasks (Wang et al., 2024). More re- 154

cently, lightweight embedding models such as 155

EmbeddingGemma (Vera et al., 2025) demon- 156

strate strong performance–efficiency trade-offs for 157

general-purpose multilingual embedding, yet do 158

not explicitly integrate semantic-rich Arabic super- 159

vision or hybrid STS–NLI objectives. 160

Table 1 summarizes these approaches along key 161

dimensions. In contrast to prior work, GATE 162

integrates semantic-rich NLI supervision with 163

Matryoshka-based multi-dimensional training, ex- 164

plicitly targeting fine-grained Arabic semantic sim- 165

ilarity while maintaining efficiency and scalability. 166
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Figure 1: Matryoshka embedding architecture with variable-dimension representations and weight tying.

3 GATE Framework167

The GATE framework focuses on Matryoshka rep-168

resentation learning and a multi-task hybrid train-169

ing approach to enhance Arabic text embeddings.170

Utilizing the Arabic versions of the Stanford Natu-171

ral Language Inference (SNLI) and Multi Natural172

Language Inference (MultiNLI) datasets refines173

embeddings for optimal performance across vari-174

ous NLP tasks.175

3.1 Dataset176

Our study utilizes Arabic-adapted subsets derived177

from the Stanford Natural Language Inference178

(SNLI) (Bowman et al., 2015) and MultiNLI (Kim179

et al., 2019) datasets, which are widely used bench-180

marks for learning sentence-level semantic rela-181

tions. These datasets provide large-scale, high-182

quality supervision for entailment, contradiction,183

and semantic similarity, making them particularly184

suitable for training embedding models that require185

fine-grained semantic alignment.186

We select SNLI and MultiNLI for two primary187

reasons. First, they offer diverse sentence pairs188

with explicitly annotated semantic relations, which189

have been shown to be effective for training sen-190

tence embeddings across languages. Second, com-191

parable Arabic NLI resources remain limited in192

scale and coverage, necessitating adaptation from193

well-established multilingual benchmarks.194

Subset Columns Training Test
STS text, text pair, score 8.63K 1.68K
Triplet text, text triplet 571K 6.58K
Pair Classification text, text pair, label 981K 19.7K

Table 2: Datasets used in training and evaluation.

As shown in Table 2, the Triplet subset is used195

for contrastive training, the STS subset for semantic196

similarity supervision, and the Pair Classification197

subset for entailment-based classification within198

the hybrid loss framework.199

Translation Pipeline and Quality Validation. 200

To adapt SNLI and MultiNLI to Arabic, we 201

employed a neural machine translation (NMT) 202

pipeline based on OpenNMT (Klein et al., 2017) 203

with CTranslate2 for efficient inference, combined 204

with SentencePiece tokenization. Translation qual- 205

ity was validated through manual inspection of ran- 206

domly sampled sentence pairs across all subsets, fo- 207

cusing on semantic consistency rather than surface- 208

level fluency. Particular attention was paid to pre- 209

serving entailment and contradiction relations, as 210

errors in these cases would directly impact train- 211

ing signals. Samples with clear semantic drift or 212

mistranslation were discarded during dataset con- 213

struction. 214

While automatic translation may introduce noise, 215

prior work has shown that NLI-based embedding 216

training is robust to moderate translation imperfec- 217

tions. Moreover, the scale and semantic diversity 218

of the translated datasets mitigate the impact of in- 219

dividual translation errors. Empirically, the strong 220

performance of GATE on Arabic STS benchmarks 221

suggests that the resulting training data provides 222

reliable semantic supervision. 223

3.2 Proposed Arabic Matryoshka Models 224

We propose a family of Matryoshka-based sentence 225

embedding models designed for Arabic semantic 226

similarity and natural language inference. These 227

models share a common training framework but 228

differ in their underlying pretrained backbones, 229

enabling a controlled comparison across Arabic- 230

specific and multilingual representations. 231

At the core of the framework is GATE-AraBERT- 232

v1, a multi-task embedding model derived from 233

Arabic-Triplet-Matryoshka-V2 and fine-tuned us- 234

ing hybrid STS and NLI supervision. Addi- 235

tional variants include MARBERT-all-nli-triplet- 236

Matryoshka, which targets both Modern Stan- 237

dard Arabic and dialectal content, and Arabic- 238

LaBSE-Matryoshka, which adapts cross-lingual 239
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representations for Arabic. We also include Arabic-240

all-nli-triplet-Matryoshka and E5-all-nli-triplet-241

Matryoshka as multilingual baselines trained under242

the same triplet-based Matryoshka framework.243

This unified model family allows us to isolate244

the impact of semantic-rich supervision and Ma-245

tryoshka training across different pretrained en-246

coders while maintaining a consistent optimization247

setup.248

3.2.1 Matryoshka-Based Triplet Training249

Matryoshka Representation Learning250

(MRL) (Kusupati et al., 2022) enables the251

learning of multi-granular sentence embeddings252

that remain semantically meaningful when253

truncated to lower dimensions. Instead of254

training a single fixed-size representation, MRL255

enforces semantic consistency across a hierar-256

chy of embedding sizes, making it well-suited257

for resource-constrained and large-scale NLP258

applications, including Arabic NLP.259

Formally, given an input sentence x, a neural260

encoder F (·; θF ) produces a high-dimensional em-261

bedding z ∈ Rd. MRL enforces that every prefix262

sub-vector z1:m ∈ Rm, for m ∈ M , can indepen-263

dently represent the input. The set M is defined as264

a sequence of progressively reduced dimensions,265

in our case M = {768, 512, 256, 128, 64}.266

Given a labeled dataset D =267

{(x1, y1), . . . , (xN , yN )}, MRL optimizes a268

classification loss at each dimension m. The269

overall Matryoshka loss is defined as:270

LMRL =
∑
m∈M

cm LCE
(
W(m)z1:m, y

)
, (1)

where LCE denotes the softmax cross-entropy271

loss, W(m) ∈ RL×m is the classifier for dimension272

m, and cm is a fixed weighting coefficient. In our273

experiments, all cm are set uniformly (cm = 1),274

giving equal importance to all embedding dimen-275

sions. To reduce memory overhead, we employ276

weight tying across classifiers by setting W(m) =277

W1:m, following the Efficient MRL formulation278

proposed by Kusupati et al. (2022).279

Variable-Dimension Embeddings and Weight280

Tying. In the proposed framework, a single281

forward pass through the encoder produces a282

maximum-dimensional sentence embedding z ∈283

Rd. Lower-dimensional embeddings are obtained284

by prefix truncation, z1:m ∈ Rm, where m ∈ M285

and m < d. Importantly, no re-encoding or addi- 286

tional projection layers are used; all embedding di- 287

mensions share the same encoder parameters. This 288

design ensures that variable-dimension represen- 289

tations are computationally efficient and semanti- 290

cally consistent across dimensions (Kusupati et al., 291

2022). 292

To avoid parameter duplication, a single clas- 293

sifier matrix W ∈ RL×d is learned. For each 294

dimension m, the corresponding classifier is ob- 295

tained by truncation, W(m) = W1:m. During 296

training, gradients from losses computed at differ- 297

ent dimensions jointly update the shared encoder 298

and classifier weights, encouraging early embed- 299

ding dimensions to encode the most salient seman- 300

tic information. This mechanism acts as a form of 301

regularization, improving robustness and enabling 302

high-quality embeddings even at low dimensionali- 303

ties (Kusupati et al., 2022; Reimers, 2019). 304

Triplet-Based Contrastive Training. To learn 305

semantically meaningful sentence representations, 306

we train our Matryoshka models using a triplet- 307

based contrastive objective derived from Natural 308

Language Inference (NLI) data. Each training in- 309

stance consists of a triplet (x, x+, x−), where x is 310

an anchor sentence, x+ is a semantically related 311

sentence (entailment), and x− is a semantically 312

dissimilar sentence (contradiction). Contradiction 313

pairs from NLI are explicitly used as hard neg- 314

atives, providing a stronger training signal than 315

randomly sampled negatives. 316

Rather than using a margin-based hinge triplet 317

loss, we adopt the MultipleNegativesRankingLoss, 318

which is equivalent to a softmax-based contrastive 319

loss with in-batch and labeled negatives. For a 320

batch of n anchor-positive pairs, the loss is defined 321

as: 322

Ltriplet = − 1

n

n∑
i=1

log
exp

(
s(xi, x

+
i )/τ

)∑n
j=1 exp

(
s(xi, x

+
j )/τ

) ,
(2)

where s(·, ·) denotes cosine similarity and τ is a 323

temperature parameter. All non-matching positive 324

examples within the batch implicitly serve as nega- 325

tives, while contradiction pairs further strengthen 326

negative separation. This formulation provides a 327

smooth alternative to margin-based triplet losses 328

and has been shown to produce high-quality sen- 329

tence embeddings. 330
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Figure 2: Results of correlation-based similarity metrics across embedding dimensions.

Matryoshka-Aware Optimization. To support331

multi-dimensional representations, the triplet loss332

is wrapped by MatryoshkaLoss, which applies the333

contrastive objective independently at each embed-334

ding dimension m ∈ M . This ensures that se-335

mantic alignment between anchor, positive, and336

negative examples is preserved across all truncated337

representations.338

In practice, we train our models on the arabic-339

nli-triplet dataset (558K triplets) using embeddings340

of sizes [768, 512, 256, 128, 64]. Training is per-341

formed on an NVIDIA A100 GPU with a batch342

size of 128 and a maximum sequence length of 512343

tokens. All experiments are implemented using344

the SentenceTransformerTrainer, which manages345

optimization, evaluation, and checkpointing across346

embedding dimensions.347

3.2.2 Hybrid Loss Training Approach348

To address the limitations of single-objective em-349

bedding training, we adopt a multi-task hybrid350

training strategy that optimizes sentence embed-351

dings for both semantic similarity and semantic352

discrimination. Training proceeds via alternating353

optimization over multiple datasets, where each354

mini-batch is associated with a task-specific loss.355

This design avoids manual loss weighting while356

preserving task specialization.357

NLI Classification Objective. For natural lan-358

guage inference, we formulate the task as a359

pairwise classification problem over premise–360

hypothesis pairs labeled as entailment, neutral, or361

contradiction. We employ a Softmax-based classi-362

fication loss operating directly on sentence embed-363

dings. Given a premise xi, its correct hypothesis364

y+i , and a set of hypotheses with incorrect labels365

{y−i,j}kj=1, the loss is defined as:366

Lcls = − 1

n

n∑
i=1

log
exp

(
s(xi, y

+
i )/τ

)∑
y∈{y+i }∪{y−i,j}

exp(s(xi, y)/τ)

(3)
where s(·, ·) denotes cosine similarity between 367

sentence embeddings and τ is a temperature scaling 368

parameter. Negatives are label-based rather than 369

in-batch, encouraging explicit semantic separation. 370

STS Similarity Ranking Objective. For Seman- 371

tic Textual Similarity (STS), we adopt a cosine 372

similarity ranking loss that enforces correct rela- 373

tive ordering between sentence pairs. Given two 374

sentence pairs (xi, xj) and (xm, xn) with gold sim- 375

ilarity scores such that s(xi, xj) > s(xm, xn), the 376

loss is defined as: 377

Lsts = log
(
1 +

∑
exp

(
cos(xm,xn)−cos(xi,xj)

τ

))
(4)

where the summation ranges over all misordered 378

sentence pairs and cos(·) denotes cosine similarity. 379

Implicit Margin Property. Although Equation 4 380

does not include an explicit margin hyperparameter, 381

the log-sum-exp formulation implicitly enforces a 382

margin by penalizing cases where a less similar pair 383

attains higher cosine similarity than a more similar 384

one. This smooth ranking objective avoids manual 385

margin tuning while maintaining strong separation 386

in the embedding space. 387

Training Procedure. During training, each mini- 388

batch is sampled from a single dataset and opti- 389

mized using its corresponding loss. Formally, the 390

objective at each training step is: 391

L =

{
Lcls, NLI batch,
Lsts, STS batch.

(5)

This alternating optimization enables the model 392

to jointly learn semantic discrimination from NLI 393
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Model Dim # Params. STS17 STS22 STS22-v2 Avg.

Arabic-Triplet-Matryoshka-V2 768 135M 85.31 60.70 63.96 69.99
GATE-AraBERT-v1 768 135M 82.78 59.75 63.09 68.54
AraBERTv02 768 135M 54.53 46.86 49.95 50.45

MARBERT-all-nli-triplet-Matryoshka 768 163M 82.18 58.08 61.32 67.19
MARBERTv2 768 163M 60.98 49.92 53.75 54.88

Arabic-LaBSE-Matryoshka 768 471M 82.46 57.25 60.58 66.76
LaBSE 768 471M 69.07 57.66 60.98 62.57

E5-all-nli-triplet-Matryoshka 384 278M 80.37 56.34 59.64 65.45
multilingual-e5-small 384 278M 74.62 58.13 61.40 64.72

Arabic-all-nli-triplet-Matryoshka 768 135M 82.40 51.38 54.45 62.74
paraphrase-multilingual-mpnet-base-v2 768 135M 79.09 52.18 55.37 62.21

Table 3: Performance comparison of Matryoshka-based models and their base counterparts on Arabic STS tasks
from MTEB.

supervision and fine-grained semantic alignment394

from STS supervision, improving generalization395

across downstream tasks.396

4 Results and Discussion397

4.1 Robustness Across Embedding Dims398

We evaluate the robustness of Matryoshka embed-399

dings across multiple dimensionalities (768, 512,400

256, 128, and 64) using correlation-based simi-401

larity metrics. Following standard STS practice,402

we report both Pearson correlation, which mea-403

sures linear agreement with ground-truth similarity404

scores, and Spearman correlation, which captures405

rank consistency between sentence pairs. Figure 2406

summarizes these results across cosine, Manhattan,407

Euclidean, and dot-product similarity functions.408

Overall, higher-dimensional embeddings (768,409

512) yield the strongest performance, while lower-410

dimensional variants (128, 64) exhibit moderate411

degradation, most notably for dot-product similar-412

ity. Across metrics, Arabic-Triplet-Matryoshka-V2413

and Arabic-all-nli-triplet-Matryoshka demonstrate414

consistently high correlations, maintaining strong415

performance even under dimensional truncation.416

Other Matryoshka variants show similar trends,417

confirming that MRL enables a favorable trade-418

off between embedding efficiency and semantic419

accuracy.420

4.2 Performance on Arabic STS Benchmarks421

We evaluate GATE models and their base coun-422

terparts on Arabic Semantic Textual Similarity423

tasks from the Massive Text Embedding Bench-424

mark (MTEB) (Muennighoff et al., 2022), includ-425

ing STS17, STS22, and STS22-v2. Table 3 reports426

the results.427

Matryoshka-based models consistently outper- 428

form their corresponding base models across 429

all benchmarks. Arabic-Triplet-Matryoshka-V2 430

achieves the best overall performance (69.99 av- 431

erage), with particularly strong results on STS17 432

(85.31), while GATE-AraBERT-V1 follows closely 433

with an average score of 68.54. The slightly 434

lower performance of GATE-AraBERT-V1 com- 435

pared to Arabic-Triplet-Matryoshka-V2 reflects the 436

expected trade-off introduced by hybrid loss train- 437

ing, which prioritizes generalization across both 438

STS and NLI tasks. 439

Other Matryoshka variants, including 440

MARBERT-all-nli-triplet-Matryoshka and Arabic- 441

LaBSE-Matryoshka, also achieve strong results, 442

substantially exceeding their base counterparts. In 443

contrast, non-Matryoshka base models perform 444

significantly worse, highlighting the importance of 445

semantic-rich supervision and multi-dimensional 446

training for Arabic STS. Overall, these results con- 447

firm that combining Matryoshka Representation 448

Learning with semantic-rich objectives leads to 449

robust and efficient Arabic sentence embeddings. 450

Impact of Semantic-Rich Fine-Tuning. Mod- 451

els trained with semantic-rich supervision (NLI 452

and STS objectives) consistently outperform their 453

base counterparts across Arabic STS benchmarks. 454

For instance, Arabic-Triplet-Matryoshka-V2 im- 455

proves over its base model by more than 19 points 456

on STS17 and over 13 points on average, demon- 457

strating that contrastive pretraining alone is insuf- 458

ficient for fine-grained Arabic semantics. GATE- 459

AraBERT-v1 similarly achieves strong gains while 460

remaining competitive with substantially larger 461

multilingual models, supporting the effectiveness 462

of explicit entailment and similarity supervision for 463
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Figure 3: Performance comparison between Matryoshka models and larger models on MTEB Arabic benchmarks.

Arabic sentence embeddings.464

Loss STS17 STS22 STS22-v2 Average
LCE 54.53 46.86 49.95 50.45
LMRL 85.31 60.7 63.96 69.99

Lsts + Lcls 82.78 59.75 63.09 68.54

Table 4: Effect of Matryoshka and hybrid loss functions
on Arabic STS benchmarks

Table 4 illustrates the impact of loss selection465

on Arabic STS performance. The baseline cross-466

entropy loss (LCE) performs poorly (50.45 aver-467

age), confirming its limitations for fine-grained se-468

mantic similarity. In contrast, Matryoshka loss469

(LMRL) yields the strongest results, with Arabic-470

Triplet-Matryoshka-V2 achieving a 69.99 average471

and 85.31 on STS17. The hybrid loss (Lsts+Lcls),472

used by GATE-AraBERT-V1, achieves slightly473

lower but still competitive performance (68.54 av-474

erage), reflecting a trade-off between task general-475

ization and STS-specific optimization.476

Beyond accuracy, Matryoshka Representation477

Learning enables strong performance retention un-478

der dimensional reduction, as shown in Table 5.479

Even at 64 dimensions, performance degradation480

remains minimal, highlighting MRL’s suitability481

for efficient deployment in resource-constrained482

settings.483

As shown in Table 5, results demonstrate that the484

model maintains robust performance across all di-485

mensions. At the full 768-dimensional embedding,486

the model achieves an average score of 69.99, with487

85.31 on STS17. Even when reduced to 512 and488

256 dimensions, the performance remains nearly489

unchanged, with average scores of 69.92 and 69.86,490

respectively. Even at the lowest dimension of 64,491

the model still delivers a strong average score of 492

69.43, confirming that MRL allows for significant 493

compression without substantial loss in accuracy. 494

4.3 Comparison of GATE Models with LLMs 495

We compare GATE models against large-scale em- 496

bedding models, including e5-mistral-7b-instruct, 497

udever-bloom-1b1, and OpenAI embedding APIs. 498

As shown in Figure 3, Matryoshka-based models 499

achieve competitive or superior Arabic STS perfor- 500

mance despite using significantly fewer parameters. 501

In particular, Arabic-Triplet-Matryoshka-V2 and 502

GATE-AraBERT-v1, with only 135M parameters, 503

outperform billion-parameter models on Arabic 504

STS benchmarks. These results highlight the effi- 505

ciency of the Matryoshka framework, demonstrat- 506

ing that carefully optimized, smaller models can 507

match or exceed the performance of much larger 508

LLMs for fine-grained semantic similarity tasks. 509

4.4 Error Analysis 510

We conduct a targeted error analysis to exam- 511

ine how Arabic-trained Matryoshka models be- 512

have across different semantic similarity regimes. 513

Rather than focusing solely on aggregate correla- 514

tion scores, we analyze model predictions for repre- 515

sentative sentence pairs drawn from low, moderate, 516

and high similarity ranges. These categories cor- 517

respond to distinct regions of the STS annotation 518

scale and allow us to qualitatively assess systematic 519

prediction biases. 520

Across low-similarity cases (Table 6), models 521

tend to overestimate semantic similarity, frequently 522

assigning scores in the 0.3–0.5 range despite near- 523

zero ground truth labels. This pattern indicates a 524

false-positive bias driven by lexical overlap, where 525

7



Evaluation Dim. STS17 STS22 STS22-v2 Average
768 85.31 60.7 63.96 69.99
512 85.17 60.62 63.98 69.92
256 85.39 60.41 63.77 69.86
128 84.67 60.27 63.62 69.52
64 84.04 60.44 63.8 69.43

Table 5: Impact of embedding dimensions on the performance of Arabic-Triplet-Matryoshka-V2.

Model Score Sentence1 Sentence2

Ground Truth 0.1

PA
�
JJ
m.
Ì'@ úÎ«

	
¬ 	QªK
 Ég. P

(A man playing the guitar)

�
èPAJ
� Xñ

�
®K
 Ég. P

(A man driving a car)

Arabic-all-nli-triplet-Matryoshka 0.48
Arabic-Triplet-Matryoshka-V2 0.48
GATE-AraBert-v1 0.04
Arabic-labse-Matryoshka 0.32
Marbert-all-nli-triplet-Matryoshka 0.38

Table 6: Model scores for a no similarity sample.

shared tokens (e.g., common subjects) are incor-526

rectly interpreted as semantic relatedness. Among527

the evaluated models, GATE-AraBERT-V1 exhibits528

the strongest suppression of this effect, producing529

a score of 0.04, suggesting that hybrid loss training530

improves discrimination between lexically similar531

but semantically unrelated pairs.532

For moderate similarity examples (Table 7), pre-533

dicted scores across models cluster more tightly534

around the ground truth, typically ranging be-535

tween 0.66 and 0.83. This reduced variance in-536

dicates greater stability when semantic overlap is537

present but not exact. In this regime, Matryoshka-538

based models consistently maintain relative order-539

ing, with Marbert-all-nli-triplet-Matryoshka and540

Arabic-labse-Matryoshka producing the closest541

alignment to gold scores.542

In high-similarity cases (Table 8), all models543

achieve strong agreement with ground truth anno-544

tations, with scores exceeding 0.84. This suggests545

that near-paraphrase detection is well captured546

by all evaluated architectures. However, GATE-547

AraBERT-V1 produces slightly more conservative548

estimates, which we attribute to the influence of549

classification supervision in hybrid loss training.550

While this may marginally reduce peak similarity551

scores, it improves robustness against false posi-552

tives in low-similarity scenarios.553

Overall, the error analysis reveals a consis-554

tent trade-off between sensitivity and conserva-555

tiveness across models. Hybrid loss training re-556

duces overestimation in low-similarity cases, while557

Matryoshka-only objectives maximize alignment558

in high-similarity regimes. These trends comple-559

Model Score Sentence1 Sentence2

Ground Truth 0.72

ÐY
�
®Ë@

�
èQ»

	
àñJ.ªÊK
 ÈAg. QË @

(men are playing football)

ÐY
�
®Ë@

�
èQ»

	
àñJ.ªÊK
 XBð



B@

(boys are playing football)

Arabic-all-nli-triplet-Matryoshka 0.685
Arabic-Triplet-Matryoshka-V2 0.661
GATE-AraBert-v1 0.81
Arabic-labse-Matryoshka 0.835
Marbert-all-nli-triplet-Matryoshka 0.836

Table 7: Model scores for a moderate similarity sample.

Model Score Sentence1 Sentence2

Ground Truth 1

�
HA

�
¯A¢J. Ë AK.

�
é«Y

	
m�'. Ðñ

�
®K
 Ég. P

(A man doing a

card trick)

�
�Pð

�
é«Y

	
m�'. Ðñ

�
®K
 Ég. P

(A man performing a

card trick)

Arabic-all-nli-triplet-Matryoshka 0.91
Arabic-Triplet-Matryoshka-V2 0.87
Arabic-labse-Matryoshka 0.84
Marbert-all-nli-triplet-Matryoshka 0.85
GATE-AraBert-v1 0.73

Table 8: Model scores for a high similarity sample.

ment the aggregate correlation results and provide 560

insight into model behavior beyond global metrics. 561

5 Conclusion 562

In this work, we introduced GATE, a General Ara- 563

bic Text Embedding model leveraging MRL and 564

hybrid loss training to enhance STS tasks. Eval- 565

uations on MTEB benchmarks confirmed strong 566

performance retention across reduced dimensions 567

and improved generalization over larger models. 568

GATE fills key gaps in Arabic NLP by optimiz- 569

ing embeddings for fine-grained Arabic semantics. 570

Future work will extend Arabic NLP benchmarks, 571

diversify datasets, and explore multilingual gener- 572

alization for broader real-world impact. 573

6 Limitations 574

This work presents certain limitations. The lack of 575

comprehensive Arabic NLP benchmarks restricts a 576

broader evaluation beyond STS tasks. Additionally, 577

error analysis reveals a tendency to overestimate 578

similarity in unrelated sentence pairs, often due 579

to shared lexical elements, leading to false posi- 580

tives. Enhancing negative pair handling could fur- 581

ther refine model accuracy. While our approach is 582

optimized for Arabic, the methodology holds the 583

8



potential for multilingual adaptation, expanding its584

applicability.585
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