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Abstract001

Matryoshka Representation Learning (MRL)002
is a widely adopted approach for training text003
encoders so they provide useful text represen-004
tations at various sizes, available by simply005
truncating the resulting vectors at sizes pre-006
determined at training time. Recent works have007
shown that randomly truncating text embed-008
dings has minimal impact in downstream per-009
formance unless vectors are reduced in size by010
at least 70%. However, random truncation has011
not yet been compared to MRL, so that it is012
unclear to what extent it is useful at reducing013
costs in applications that rely on text encoders.014
In this short paper, we benchmark random trun-015
cation applied to models that were trained with016
and without MRL. Our results across several017
models and downstream tasks show that, un-018
less heavily truncating embeddings (i.e. reduc-019
ing their size by at least 80%), randomly trun-020
cated embeddings of non-MRL models are at021
least competitive, and often outperform models022
trained with MRL. This suggests that random023
truncation is indeed a highly effective method024
of embedding reduction, even when compared025
to MRL, and that it is unclear how to best train026
models with MLR, as the additional training027
costs only become beneficial at very high trun-028
cation levels. Our code is attached to our ARR029
submission.030

1 Introduction031

Text embeddings have been widely adopted in032

many NLP tasks, from retrieval (Huang et al., 2020)033

to recommender systems (Zhao et al., 2023) to034

many others (Zhao et al., 2024). To reduce costs035

while retaining performance in such tasks, the use036

of small but well-performing embeddings is de-037

sirable. E.g. in text retrieval, bi-encoder models038

with less than 1B parameters are a common choice039

for first-stage retrieval over an entire collection of040

documents (Zhao et al., 2024). To provide more041

flexibility in this regard, Matryoshka Representa-042

tion Learning (MRL) (Kusupati et al., 2022) is an043
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Figure 1: (Top) Performance of open text encoders
as truncation levels increase looks the same whether
trained with or without MRL. (Bottom) When models
differ only in their use of MRL, truncation on non-MRL
models is superior unless heavy truncation is applied.

approach that adds additional terms to the training 044

objective so that text encoders are able to provide 045

useful representations at various embedding sizes, 046

available by simply truncating the resulting vectors 047

at sizes pre-determined during training. Training 048

models with MRL is already widely adopted, with 049

some of the latest models providing this benefit 050

out-of-the-box, such as Jina-Embeddings-V3 (Stu- 051

rua et al., 2024), Qwen3-Embedding (Zhang et al., 052

2025b), and EmbeddingGemma (Vera et al., 2025). 053

Recent works have empirically shown that ran- 054

domly truncating text embeddings is a promising 055

approach to obtaining vectors of reduced size even 056

without specifically training encoders for it, as the 057

impact in performance was minimal unless vector 058

sizes were reduced by at least 70% (Tsukagoshi 059

and Sasano, 2025; Takeshita et al., 2025; Inkiri- 060

wang et al., 2025). However, none of these studies 061

compared random truncation to MRL, so that it 062

is unclear to what extent random truncation is a 063

useful approach for trading off performance for 064

runtime and memory costs. In this short paper, 065
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we compare performance at various vector trunca-066

tion levels using models trained with and without067

MRL. Our results show that unless heavily truncat-068

ing embeddings, i.e. reducing their size by about069

80%, randomly truncated embeddings of non-MRL070

models are at least competitive with, and often su-071

perior in performance compared to models trained072

with MRL. We found this across 4 open models,073

10 newly trained text encoders and 24 embedding-074

based downstream tasks (e.g. see Fig. 1). These075

results suggest that random truncation is indeed076

a highly effective method for reducing many of077

the costs associated with text encoders, and that078

the additional costs of training with MRL are only079

beneficial in scenarios where reducing embedding080

size by about 80% or more is desirable. Further081

evidence of this is the fact that while MRL requires082

that truncation dimensions be chosen before train-083

ing, MRL behaves the same as random truncations084

in that there is no difference in truncation perfor-085

mance on MRL models when truncating outside086

of those selected dimensions, suggesting further087

studies into the optimal way to train with MRL.088

2 Background and Related Work089

Matryoshka Representation Learning (MRL).090

Following Kusupati et al. (2022), we formalize091

MRL in a supervised setting. Let f : T →092

Rd be a text encoder with parameters θ that093

maps a sequence of tokens x ∈ T to a d-094

dimensional vector e, i.e. e = f(x|θ), where095

T is the set of all possible token sequences in096

a given language. Given labelled dataset D =097

{(x1, y1), (x2, y2), . . . , (xN , yN )} and loss func-098

tion L, MRL optimizes the following objective:099

min
θ,WM

1

N

∑
(x,y)∈D

∑
m∈M

cm · L(Wm · fm(x|θ), y)100

where M = {m1,m2, . . . ,m|M |} is a set of vec-101

tor sizes mi ≤ d, WM = {Wm}m∈M the set of102

learnable classifiers for each m ∈ M, cm a scaling103

factor for the loss term corresponding to vector size104

m, and fm(x|θ) = f(x|θ)1:m the output vector of105

encoder f truncated to size m. In other words,106

MRL applies empirical risk minimization over the107

set of classifiers WM, where each uses a different108

truncation of vector e as input. Weights are typi-109

cally shared across all classifiers in WM for effi-110

ciency, i.e. a nested classifier is trained. Optionally,111

WM can be dropped so that only θ is optimized.112

Subsequent works have proposed variants of 113

MRL, e.g. as a method to inject MRL properties 114

to already trained models (Yoon et al., 2024), or 115

as a form of reduction of the number of layers in a 116

model (Wang et al., 2025). More recently, Zhang 117

et al. (2025a) studied MRL in more detail and com- 118

pared it to other methods for dimensionality reduc- 119

tion. However, to our knowledge, no such studies 120

have used random truncation as a baseline. 121

Random truncation. Inspired by the fact that 122

the proof in the seminal Johnson-Lindenstrauss 123

lemma (Johnson et al., 1984) is based on ran- 124

dom projections, many works have since based 125

their embedding-based methods on random projec- 126

tions (Achlioptas, 2003). More recently, Takeshita 127

et al. (2025) found that randomly truncating text 128

embeddings results in minimal loss in performance 129

unless vectors are heavily reduced in size. They 130

found that this observation may not be explained 131

by some geometric properties of the embedding 132

space, such as anisotropy or outlier dimensions. In 133

concurrent work, Tsukagoshi and Sasano (2025) 134

also reported the same efficacy of using random 135

truncation as a means of dimensionality reduction. 136

The closest work to ours is that of Inkiriwang 137

et al. (2025). They compare the efficacy of several 138

methods for dimensionality reduction, including 139

random projections, a method which they report as 140

one of the most consistently effective ones. How- 141

ever, while they include more dimensionality re- 142

duction methods, we include more recent models 143

and a larger variety of downstream tasks. More im- 144

portantly, they do not include MRL in their compar- 145

ison, despite it being used by some of the best per- 146

forming text encoders to date (Sturua et al., 2024; 147

Zhang et al., 2025b; Vera et al., 2025). 148

3 MRL vs Random Truncation 149

3.1 Benchmarking Open Encoders 150

In this section, we compare publicly available text 151

encoders trained with and without MRL. We note 152

that while there are many more differences between 153

these models (e.g. base architecture or number of 154

parameters), our goal is to determine whether MRL 155

makes a difference w.r.t. retaining more of the per- 156

formance of their full-size embeddings after trun- 157

cation compared to non-MRL models. For consis- 158

tency with MRL, we perform random truncations 159

by removing the last elements of the embeddings, 160

though random truncation can be successfully ap- 161

plied in arbitrary ways (Takeshita et al., 2025). 162

2



0 10 20 30 40 50 60 70 80 90 100
Truncation Size (%)

70

80

90

100
Re

la
tiv

e 
 n

DC
G@

10
 (%

)

w/o MRL (E5 large)
w/ MRL (Qwen 3 0.6B)
w/o MRL (GTR T5 large)
w/ MRL (EmbeddingGemma 300m)

0 10 20 30 40 50 60 70 80 90 100
Truncation Size (%)

80

85

90

95

100

Re
la

tiv
e 

 M
TE

B 
Pe

rfo
rm

an
ce

 (%
)

Figure 2: Performance on NanoBEIR (top) and MTEB
(bottom) of text embeddings truncated at various sizes,
relative to the performance of their corresponding full-
sized embeddings, using four publicly available text
encoders with and without MRL.

Models. We consider four seminal and state-of-163

the-art open-weight text encoders. For non-MRL164

models, we evaluate E5-Large (Wang et al., 2024)165

and GTR-T5-Large (Ni et al., 2022b). Both have166

similar number of parameters (600M), but E5-167

Large is based on an encoder-only model (BERT168

Large) while GTR-T5 is based on an encoder-169

decoder model (T5). For MRL models, we use170

Qwen3-Embedding-0.6B (Zhang et al., 2025b), a171

decoder-only-based model with 0.6B parameters,172

and EmbeddingGemma-300M (Vera et al., 2025),173

a encoder-decoder-based model.174

Evaluation. We use 13 datasets from175

NanoBEIR1, a smaller variant of BEIR (Thakur176

et al., 2021)), for retrieval evaluation. For classifica-177

tion, we use 11 datasets from MTEB (Muennighoff178

et al., 2023). See Table 1 in Appendix A.1 for a179

list of our datasets. As the original performances180

of these four models can vastly differ, we report181

the truncated embeddings’ performance relative to182

the original full-sized embeddings.183

Results and discussion. Our results are shown184

in Fig. 2. If MRL were to bring an advantage,185

we should see that performance of MRL models186

drops more slowly than non-MRL models. How-187

ever, this is only true for EmbneddingGemma on188

MTEB, which suggests that MRL is indeed very189

1https://huggingface.co/collections/
zeta-alpha-ai/nanobeir

effective for EmbeddingGemma, especially in con- 190

trast to GTR-T5, which drops much faster than all 191

other models. However, this is not generally true, 192

as EmbeddingGemma’s advantage disappears in 193

BEIR, where all models exhibit the same behavior, 194

suggesting no advantage of MRL models over non- 195

MRL ones, up until a truncation level between 60 196

and 70% (depending on dataset), where MRL mod- 197

els do become increasingly superior. In general, 198

these results suggest that MRL is only beneficial 199

when heavy truncation is applied. We also note 200

MRL models show the same behavior as non-MRL 201

models in that the pre-selected dimensions in MRL 202

do not seem to be more beneficial than others. 203

3.2 Benchmarking Trained Encoders 204

While the experiments in the previous section al- 205

low us to study MRL using state-of-the-art text 206

encoders, the various differences between models, 207

and not just MRL, may account for the observed 208

results. In this section, and to better determine the 209

impact of MRL when using truncated embeddings, 210

we train pairs of encoders where the only differ- 211

ence is the application of MRL. Unless otherwise 212

noted, experimental settings are the same as in the 213

previous section. 214

Models. We take five pre-trained language mod- 215

els (PLMs) from different sizes and architectures 216

as starting checkpoints for our contrastive train- 217

ing. Each PLM will result in two text encoders, 218

one with MRL and one without. We train BERT 219

in two sizes (base and large) (Devlin et al., 2019) 220

as well as RoBERTa (base and large) (Liu et al., 221

2020). Since these two are encoder-only PLMs, 222

we complement the selection by adding T5 base 223

Encoder (Raffel et al., 2020) to our training, as it 224

originates from an encoder-decoder architecture. 225

Contrastive training. We train all PLMs with 226

multiple negative ranking loss (Henderson et al., 227

2017) both for non-MRL and MRL models, a 228

contrastive loss commonly used to train text en- 229

coders (Gao et al., 2021; Ni et al., 2022a; Vulić 230

et al., 2023). For MRL models, we uniformly 231

weigh the losses for each of the following nested 232

dimensions: 64, 128, 256, 512 and 768. For 233

training and validation data, we use the con- 234

catenation of SNLI (Bowman et al., 2015) and 235

MultiNLI (Williams et al., 2018) as done in previ- 236

ous works (Reimers and Gurevych, 2019; Gao et al., 237

2021; Takeshita et al., 2025). We train models until 238

convergence and select the best models on held-out 239
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Figure 3: Performance on BEIR and MTEB benchmarks of five pairs of encoders trained with and without MRL.

validation samples. Fig. 5 in Appendix A.2 shows240

that all our models converge in less than 10 epochs.241

Results and discussion. As before, we evalu-242

ate models on MTEB and BEIR.2 Fig. 3 shows243

how downstream task performance changes with244

different levels of truncation for MRL and non-245

MRL models (see Tables 2 to 5 in the Appendix246

for detailed results). Surprisingly, truncated em-247

beddings from non-MRL models outperform their248

MRL counterparts almost every time across all249

models and datasets up until about when 80% trun-250

cation is applied, at which point MRL truncation251

becomes increasingly more beneficial. In other252

words, in a controlled environment, we see that253

truncated vectors are more effective without MRL254

than with MRL, unless heavy truncation is applied.255

As in the experiments with publicly available state-256

of-the-art models made in the previous section,257

these results show that random truncation is of-258

ten a more effective method of cost reduction than259

MRL, as it does not rely on any additional train-260

ing cost and often outperforms truncation done on261

MRL models. However, MRL does become bene-262

ficial at heavy truncation levels, which are indeed263

common where more extreme cost reductions are264

desired. In fact, when plotting standard deviation265

across embeddings from all of our trained PLMs3,266

we noted that the variance is much higher only267

in lower dimensions when MRL is used during268

training (see Fig. 4 for BERT, Fig. 6 for all other269

models). This suggests that MRL indeed induces270

more information storage in the lower dimensions271

2BEIR for smaller models BERT base and RoBERTa base,
NanoBEIR for the rest.

3We use queries from NanoBEIR’s MS Marco as inputs.
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Figure 4: Standard deviation across embedding dimen-
sions given by BERT base for different text inputs. The
addition of MRL clearly increases the variance of the
lower dimensions, suggesting that more information is
indeed stored in lower dimensions with MRL.

of text embeddings. However, it’s unclear why this 272

is not the case for all dimensions, nor whether this 273

can be achieved at higher levels of truncation. 274

4 Conclusion 275

We explored the effect of truncation on text em- 276

beddings obtained with and without Matryoshka 277

Representation Learning (MRL), a training method 278

designed to allow effective truncation. Our test 279

with 4 open encoders, 10 newly trained text en- 280

coders and 24 embedding-based downstream tasks, 281

show that MRL provides clear benefits at very high 282

truncation levels, but that at lower levels is not more 283

beneficial than applying truncation on models with- 284

out MRL. In addition, we found that on a more 285

controlled environments, truncation on non-MRL 286

encoders is almost always superior at normal trun- 287

cation levels, but that again MRL is more benefical 288

at high truncation levels, e.g. about 80%. 289
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Limitations290

This work has several limitations. First, our experi-291

ments only include relatively small models. While292

small text encoders are commonly used and re-293

cent efforts have focused on such high-performing294

small models, e.g. EmbeddingGemma-300M (Vera295

et al., 2025), state-of-the-art models are still much296

larger, e.g. Qwen3-Embedding-4B (Zhang et al.,297

2025b). Such models are not included in our study298

due to limited computational resources, but trunca-299

tion needs to be studied on larger models as well.300

Second, while the training dataset used for our con-301

trastive training is a common option in prior work,302

there are more recent training recipes with larger303

datasets to train more powerful encoders. We opted304

for our current choice due to limited computational305

resources. Finally, a larger variety of training set-306

tings could be tested, e.g. exploring the impact that307

different choices of MRL truncation sizes have on308

performance.309
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Matthew Henderson, and Ivan Vulić. 2020. Efficient340
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A Appendix 651

A.1 Additional Experimental Details 652

Name Domain Licence

R
et

ri
ev

al

MS MARCO (Nguyen et al., 2016) Misc. MIT
TREC-COVID (Voorhees et al., 2021) Bio-Medical Dataset License Agreement
NFCorpus (Boteva et al., 2016) Bio-Medical N/A
FiQA-2018 (Maia et al., 2018) Finance N/A
ArguAna (Wachsmuth et al., 2018) Misc. CC BY 4.0
Touche-2020 (Bondarenko et al., 2020) Misc. CC BY 4.0
Quora Quora N/A
DBPedia (Hasibi et al., 2017) Wikipedia CC BY-SA 3.0
SCIDOCS (Cohan et al., 2020) Scientific GNU General Public License v3.0
FEVER (Thorne et al., 2018) Wikipedia CC BY-SA 3.0 l
Climate-FEVER (Leippold and Diggelmann, 2020) Wikipedia N/A
SciFact (Wadden et al., 2020) Scientific CC BY-NC 2.0
Natural Questions (Kwiatkowski et al., 2019) Scientific CC BY-SA 3.0
HotpotQA (Yang et al., 2018) Scientific CC BY-SA 4.0

C
la

ss
ifi

ca
tio

n

AmazonCounterfactualClassification (O’Neill et al., 2021) Reviews, Written CC-by-4.0
AmazonPolarityClassification (McAuley and Leskovec, 2013) Reviews, Written Apache 2.0
AmazonReviewsClassification (Keung et al., 2020) Reviews, Written N/A
Banking77Classification (Casanueva et al., 2020) Written MIT
EmotionClassification (Saravia et al., 2018) Social, Written N/A
ImdbClassification (Maas et al., 2011) Reviews, Written N/A
MassiveIntentClassification (FitzGerald et al., 2023) Spoken Apache 2.0
MassiveScenarioClassification (FitzGerald et al., 2023) Spoken Apache 2.0
MTOPDomainClassification (Li et al., 2021) Spoken N/A
MTOPIntentClassification (Li et al., 2021) Spoken N/A
TweetSentimentExtractionClassification (Maggie et al., 2020) Social, Written N/A

Table 1: A list of datasets used in our evaluation. TREC-COVID is only available in BEIR, not in NanoBEIR.
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A.2 Validation Loss Curve During Contrastive Trainings653
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Figure 5: The validation loss curve during our contrastive learning with and without MRL for all of our five model
pairs.

A.3 Performance of Text Encoders with Different Truncation Sizes654

Truncation size (%)

Model MRL 0 10 20 30 33 40 50 60 67 70 80 83 90 92

BERT base
No 0.172 0.171 0.171 0.169 0.169 0.167 0.164 0.164 0.161 0.157 0.150 0.144 0.126 0.120
Yes 0.159 0.157 0.156 0.157 0.156 0.154 0.153 0.153 0.151 0.150 0.147 0.145 0.139 0.136

RoBERTa base
No 0.154 0.154 0.153 0.151 0.151 0.152 0.149 0.147 0.146 0.145 0.136 0.133 0.116 0.111
Yes 0.144 0.144 0.143 0.142 0.142 0.142 0.141 0.140 0.139 0.139 0.134 0.132 0.124 0.122

T5 base
No 0.351 0.352 0.357 0.352 0.349 0.349 0.342 0.334 0.330 0.317 0.303 0.293 0.243 0.220
Yes 0.346 0.343 0.344 0.340 0.338 0.336 0.331 0.326 0.319 0.313 0.301 0.296 0.269 0.260

GTR T5 large No 0.594 0.594 0.592 0.592 0.589 0.591 0.582 0.573 0.565 0.561 0.538 0.528 0.478 0.448

EmbeddingGemma 300m Yes 0.653 0.651 0.648 0.652 0.646 0.645 0.642 0.632 0.636 0.630 0.604 0.595 0.532 0.512

Table 2: Retrieval performance comparison between non-MRL and MRL models with different truncation sizes.
All models produce embeddings with 768 dimensions. BEIR is used for BERT base and RoBERTa base, while
NanoBEIR is used for the rest of models. The first three models are comparable between MRL and non-MRL
trained by us while the last two are less comparable existing models. Between the comparable MRL and non-MRL
pairs, scores are bolded when it outperforms the other.
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Truncation size (%)

Model MRL 0 10 20 30 33 40 50 60 67 70 80 83 90 92

BERT base
No 0.607 0.607 0.605 0.604 0.603 0.601 0.599 0.596 0.592 0.589 0.576 0.567 0.539 0.528
Yes 0.602 0.601 0.600 0.599 0.599 0.598 0.595 0.592 0.590 0.588 0.582 0.580 0.567 0.563

RoBERTa base
No 0.628 0.627 0.627 0.625 0.624 0.623 0.622 0.617 0.612 0.609 0.593 0.587 0.556 0.540
Yes 0.621 0.620 0.619 0.618 0.618 0.617 0.615 0.613 0.612 0.611 0.605 0.602 0.585 0.578

T5 base
No 0.696 0.695 0.694 0.692 0.691 0.688 0.683 0.675 0.668 0.663 0.643 0.632 0.580 0.557
Yes 0.692 0.691 0.689 0.687 0.687 0.685 0.681 0.677 0.674 0.671 0.660 0.657 0.633 0.624

GTR T5 large No 0.670 0.668 0.663 0.658 0.656 0.652 0.645 0.635 0.626 0.623 0.603 0.592 0.548 0.529

EmbeddingGemma 300m Yes 0.835 0.835 0.835 0.835 0.835 0.834 0.833 0.831 0.831 0.829 0.825 0.822 0.806 0.801

Table 3: Classification performance comparison between non-MRL and MRL models with different truncation sizes.
All models produce embeddings with 768 dimensions. The first three models are comparable between MRL and
non-MRL trained by us while the last two are less comparable existing models. Between the comparable MRL and
non-MRL pairs, scores are bolded when it outperforms the other.

Truncation size (%)

Model MRL 0 10 20 25 30 40 50 60 70 75 80 88 90 94

BERT large
No 0.254 0.262 0.263 0.266 0.267 0.265 0.261 0.259 0.252 0.255 0.250 0.235 0.224 0.208
Yes 0.245 0.247 0.253 0.260 0.262 0.257 0.260 0.258 0.257 0.258 0.258 0.255 0.249 0.241

RoBERTa large
No 0.234 0.234 0.241 0.242 0.244 0.244 0.242 0.241 0.232 0.228 0.223 0.206 0.193 0.175
Yes 0.232 0.235 0.236 0.236 0.235 0.233 0.231 0.227 0.229 0.227 0.224 0.218 0.217 0.207

E5 large No 0.600 0.598 0.598 0.597 0.595 0.594 0.594 0.586 0.576 0.572 0.560 0.517 0.498 0.427

Qwen 3 0.6B Yes 0.582 0.578 0.578 0.578 0.580 0.577 0.571 0.567 0.555 0.549 0.550 0.530 0.515 0.475

Table 4: Retrieval performance comparison between non-MRL and MRL models with different truncation sizes.
All models produce embeddings with 1024 dimensions. BEIR is used for BERT base and RoBERTa base, while
NanoBEIR is used for the rest of models. The first three models are comparable between MRL and non-MRL
trained by us while the last two are less comparable existing models. Between the comparable MRL and non-MRL
pairs, scores are bolded when it outperforms the other.

Truncation size (%)

Model MRL 0 10 20 25 30 40 50 60 70 75 80 88 90 94

BERT large
No 0.608 0.607 0.607 0.607 0.606 0.605 0.602 0.601 0.598 0.595 0.592 0.575 0.568 0.544
Yes 0.584 0.583 0.583 0.583 0.582 0.581 0.581 0.579 0.577 0.576 0.574 0.570 0.564 0.552

RoBERTa large
No 0.621 0.621 0.619 0.618 0.617 0.615 0.614 0.612 0.607 0.603 0.597 0.582 0.572 0.543
Yes 0.615 0.614 0.612 0.611 0.610 0.609 0.608 0.606 0.602 0.601 0.597 0.590 0.582 0.567

E5 large No 0.687 0.685 0.682 0.681 0.680 0.678 0.673 0.666 0.658 0.652 0.644 0.614 0.597 0.567

Qwen 3 0.6B Yes 0.704 0.703 0.702 0.701 0.700 0.699 0.693 0.688 0.671 0.670 0.665 0.648 0.636 0.608

Table 5: Classification performance comparison between non-MRL and MRL models with different truncation sizes.
All models produce embeddings with 1024 dimensions. The first three models are comparable between MRL and
non-MRL trained by us while the last two are less comparable existing models. Between the comparable MRL and
non-MRL pairs, scores are bolded when it outperforms the other.

A.4 Standard Deviations of Each Dimension 655
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Figure 6: Standard deviations of values taken by each dimension when encoding different texts.
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