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Abstract001

Speakers of under-represented languages face002
both a language barrier, as most online knowl-003
edge is in a few dominant languages, and a004
modality barrier, since information is largely005
text-based while many languages are primarily006
oral. We address this for French-Wolof by train-007
ing the first bilingual speech-text Matryoshka008
embedding model, enabling efficient retrieval009
of French text from Wolof speech queries010
without relying on a costly ASR-translation011
pipelines. We introduce large-scale data cura-012
tion pipelines and new benchmarks, compare013
modeling strategies, and show that modality014
fusion within a frozen text Matryoshka model015
performs best. Although trained only for re-016
trieval, the model generalizes well to other017
tasks, such as speech intent detection, indicat-018
ing the learning of general semantic representa-019
tions. Finally, we analyze cost-accuracy trade-020
offs across Matryoshka dimensions and ranks,021
showing that information is concentrated only022
in a few components, suggesting potential for023
efficiency improvements.024

1 Introduction025

1.1 Motivation026

Access to information is limited by two major bar-027

riers. First, a language barrier: most content is028

written in a few high-resource languages. Sec-029

ond, a modality barrier: information retrieval sys-030

tems assume text-based queries, while many under-031

represented languages are primarily oral. Tra-032

ditional cascaded ASR-translation pipelines are033

costly and suffer from error propagation. We ad-034

dress this by training cross-lingual speech-text ma-035

tryoshka representation models, enabling direct re-036

trieval of text documents from speech queries with037

flexible accuracy-cost trade-offs.038

We focus on Wolof-French as a representative039

and socially grounded case study. Wolof is primar-040

ily spoken in Senegal and is mainly oral. Due to041

colonial history, administrative, educational, and 042

informational content relevant to Wolof speakers 043

is accessible in French, yet many Wolof speakers 044

have limited French literacy. This creates a critical 045

mismatch: information for Wolof speakers exists 046

in French text, while their natural query modality is 047

Wolof speech, making cross-lingual speech-based 048

retrieval a practical solution. 049

1.2 Related Works 050

Speech Language Models extend LLMs with 051

speech understanding by integrating a speech en- 052

coder (Wu et al., 2023; Pareras et al., 2025; Lam 053

et al., 2025). We similarly add speech capabilities 054

to embedding LLMs, which remains underexplored 055

compared to generative LLMs. 056

Matryoshka Representation Learning (MRL) 057

(Kusupati et al., 2022) reduces deployment costs 058

by learning representations at multiple dimensions 059

simultaneously, enabling flexible dimension choice 060

at inference. This has been generalized to vision- 061

language and audio-visual LLMs (Hu et al., 2024; 062

Cai et al., 2024; Cappellazzo et al., 2025) for se- 063

quence compression at different granularities. We 064

extend this to cross-lingual speech-text retrieval 065

and analyze performance-cost trade-offs. 066

Multilingual Representation Models (Conneau 067

et al., 2019; Devlin et al., 2018; Tang et al., 2020) 068

demonstrate strong cross-lingual transfer for low- 069

resource languages but are generally not designed 070

for retrieval. Recent work (Schmidt et al., 2024) 071

integrates a massively multilingual machine trans- 072

lation encoder such as NLLB into an LLM to pro- 073

duce cross-lingual representations for over 200 lan- 074

guages. We show that a model 10x smaller, aug- 075

mented with speech capability and trained mostly 076

on supervised synthetic bilingual data, not only sup- 077

ports retrieval but also learns robust representations 078

that transfer to non-retrieval tasks. 079

CLIP-style Architectures (Radford et al., 2021) 080

use modality-specific encoders with contrastive ob- 081

1



1.4 TB of RAW 
Wolof speech

107 GB of speech 
(~860 hours)

Iterate over 
audio files

Source 
Seperation

Diarization

TranscriptionsFiltered 
Transcriptions

Voice Activity 
Detection

Speech Quality 
Filtering

A  B A A B B

Synthetic French 
Documents

Dialogues

Blogposts

Stories

Figure 1: Speech data pipeline. Raw data is filtered
via Source Separation, Diarization, VAD, and Quality
Filtering. The resulting speech is transcribed, bad tran-
scriptions (in red) are filtered, then used to generate
French story, dialog and blogpost documents.

jectives. CLAP (Elizalde et al., 2022) extends this082

to audio-text. We show these dual-encoder models083

work for simple tasks like transcription retrieval084

but struggle with semantically demanding cross-085

lingual speech-to-document retrieval.086

2 Datasets087

To address the scarcity of Wolof speech-French088

text retrieval data, we primarily rely on synthetic089

documents. We first describe the training data col-090

lection pipelines for both text-only and speech-text091

data, then introduce the evaluation datasets. In this092

work, query is any speech or text used as a query093

for retrieval, whether it is a question or not.094

2.1 Training Datasets095

Text-only Training Dataset. We curate data096

from three sources: French mMARCO (Bonifacio097

et al., 2021) with queries translated to Wolof,098

Senegalese French webpages, and synthetically099

generated French queries then translated to Wolof.100

We augment the training dataset with French QA101

datasets, where the questions are translated to102

Wolof. We add Wolof-French translation pairs103

for cross-lingual transfer. The total text-only104

training dataset yields 1,176,908 query (Wolof)105

and document (French) pairs, corresponding to106

593,284,495 document tokens.107

108

Collecting Wolof Speech Queries We col-109

lect speech data by manually sourcing natural and110

spontaneous speech (podcasts, radio programs,111

etc.) by web browsing and listening to audio. We112

exclude read content like audiobooks. The scraped113

data over these sources yields 1.4TB of speech,114

but requires pre-processing for training. We115

evaluate multiple filtering pipelines and select one116

that effectively removes long silences, excessive117

backchannels, and unintelligible overlap. The 118

filtering pipeline is presented in Figure 1. We 119

iterate through the raw 1.4TB of audio and apply, 120

in order: Source Separation1 to isolate speech 121

from other sounds, Diarization from pyannote 122

(Plaquet and Bredin, 2023; Bredin, 2023) to split 123

audio by speaker, and Voice Activity Detection 124

from Silero-VAD (Team, 2024) to retain segments 125

with speech. Finally, we keep only utterances 126

between 3-30 seconds with a DNSMOS (Reddy 127

et al., 2021) quality score above 3.2, resulting in 128

860 hours of high-quality Wolof speech queries. 129

130

Synthetic French Documents. Starting 131

from Wolof speech queries, we synthesize French 132

documents. We first transcribe the speech using a 133

Wolof Speech Language Model (Sy et al., 2025), 134

then filter transcriptions based on perplexity and 135

lexical diversity (unique-to-total word ratio), 136

retaining approximately one quarter of the original 137

860 hours of Wolof speech-text pairs. The filtered 138

Wolof transcriptions are translated into French and 139

used to generate three types of synthetic documents 140

with Gemini-2.5-Flash: stories, dialogues, and 141

web blogposts. 142

143

Instruction-Following Dataset. In real-world 144

scenarios, databases are heterogeneous: the same 145

input may correspond to multiple target documents. 146

For example, for the same Wolof speech query, it 147

is possible to retrieve in the database either the 148

corresponding Wolof transcription or the French 149

document. Instruction-following embedding mod- 150

els (Peng et al., 2024) address this by appending 151

a task description to the query. Accordingly, 152

we train a multitask embedding model that 153

can be prompted at inference time, rather than 154

optimizing solely for French document retrieval. 155

In addition to document retrieval, we include 156

speech translation retrieval (retrieving French 157

translations from Wolof speech) and transcription 158

retrieval (retrieving Wolof transcriptions from 159

speech), which is useful for applications such 160

as keyword spotting. Appendix A.1 details the 161

dataset for these additional tasks. 162

2.2 Test Datasets 163

To evalute the models, we introduce two bench- 164

marks for Wolof to French document retrieval. The 165

first is derived from SIB-Fleurs, a benchmark based 166

1we used https://huggingface.co/seanghay/uvr_
models/blob/main/UVR-MDX-NET-Inst_HQ_3.onnx
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on Fleurs test-split. The second benchmark is based167

on the Kallaama test-split (Gauthier et al., 2024).168

We detail next both benchmarks.169

Artefact 1: Evaluation Datasets for French docu-
ment retrieval from Wolof queries.
We introduce Kallaama-Retrieval-Eval and
Fleurs-Retrieval-Eval, two datasets for evaluat-
ing French document retrieval from Wolof tex-
t/speech queries.

170

Fleurs-Retrieval-Eval Because most of our171

training data is synthetic, we evaluate on a fully172

natural benchmark. We start from SIB-Fleurs173

(Schmidt et al., 2025), a multilingual speech topic174

classification dataset based on the Fleurs test175

split (Conneau et al., 2022). Using the French176

translations of the Wolof speech, we retrieve the177

most relevant French documents from the web,178

and manually filter out cases where the scraper179

fails or returns irrelevant results. The retrieved180

documents are used as-is, without cleaning or181

shortening, to reflect real-world usage. The182

resulting Fleurs-Retrieval-Eval dataset contains183

166 pairs of Wolof speech and corresponding184

French text queries.documents.185

186

Kallaama-Retrieval-Eval After manual ver-187

ification and listening to the Fleurs audio, we188

found that the Wolof speech is unnatural, as189

speakers are hesitant and speak quietly. We190

will empirically support and explain this later191

in the analysis Section 5. We propose another192

evaluation dataset that relies on the test split of193

Kallaama (Gauthier et al., 2024), a dataset where194

native Wolof speakers converse naturally, and195

the speech is transcribed by professionals. From196

the test split, we select the 150 longest speech197

queries that do not exceed 30 seconds, ensuring198

information-rich queries while respecting the input199

length constraints of modern speech models. We200

translate the transcriptions into French and use201

Gemini-2.5-Pro to synthetically generate three202

document types: dialogues, blogposts, and stories.203

The resulting evaluation set contains 150 Wolof204

speech and text queries, each paired with three205

corresponding French documents.206

3 Modeling207

To enable flexible choice of the dimensions at
inference-time, Matryoshka Representation Learn-
ing (Kusupati et al., 2022) optimizes a joint re-
trieval loss across different dimensions. Given
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Figure 2: Late-Fusion vs. Dual architectures. In the
Late-Fusion approach, speech is encoded with HuBERT,
then the sequence is downsampled by a CNN (x2), pro-
jected to the LLM embedding with a matrix W, concate-
nated with the prompt token embeddings, and the whole
is forwarded to the Matryoshka embedding LLM. In
the Dual architecture, HuBERT features are pooled at
the sequence level using an attention-based pooler, then
projected with dimension-specific W matrices to obtain
Matryoshka embeddings. In both architectures, text doc-
uments are embedded using the text-only Matryoshka
embedding LLM.

the training loss L and the matryoshka dimensions
M = {d1, d2, · · · , dm} where d1 < d2 < · · · <
dm, the model optimizes this joint loss:

LMRL =
∑
m∈M

L(Q:m,D:m)

where Q is the query embedding matrix, D is the 208

document embedding matrix, and : m refers to 209

the PyTorch slicing operator. We use InfoNCE 210

as retrieval loss, with in-batch negative, meaning 211

for each query-document pair, the negatives are all 212

other documents in the batch. Next, we detail the 213

text-only and multimodal models: late-fusion and 214

dual encoders. 215

3.1 Text-only Embedding 216

We use Qwen3-0.6-Embedding, an MRL Embed- 217

ding LLM that can represent text in dimensions 32, 218

64, 128, 256, 512, and 1024. Since the training of 219

Matryoshka is costly when there are too many di- 220

mensions, due to the loss summation, we only use 221

dimensions 128, 256, 512, and 1024. We first fine- 222

tune Qwen3-0.6-Embedding on the text-only data 223

presented previously, so the model learns cross- 224

lingual representations between Wolof and French. 225

This model is trained with in-batch InfoNCE loss. 226

We next introduce and study two approaches for in- 227
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tegrating the speech modality within this text-only228

model.229

Artefact 2: Cross-lingual speech and text repre-
sentation models for Wolof and French
We introduce a series of cross-lingual matryoshka
retrieval models for Wolof and French. This in-
cludes both text-only and speech-text representa-
tion models.230

3.2 Late Modality Fusion231

In late-fusion (Liu et al., 2023; Wu et al., 2023) is a232

simple and efficient approach for integrating vision233

or speech capabilities into pre-trained LLMs. In234

this approach, the speech features from the speech235

encoder and text token embeddings from the em-236

bedding layer are projected separately and then237

concatenated before being fed into the pretrained238

language model. The fusion is late because the two239

modalities only interact within the language model,240

as opposed to early-fusion, where the modalities241

are combined before. For the speech encoder, we242

use a continued-pretrained Wolof HuBERT model243

(Sy et al., 2025). Figure 2 illustrates this approach.244

Wolof query speech features from all HuBERT lay-245

ers are concatenated, then passed through a CNN246

to reduce the sequence length and projected to247

the LLM embedding space using W. The result-248

ing speech embeddings are concatenated at the se-249

quence level with the prompt token embedding and250

forwarded to the LLM. The document is embedded251

separately by the LLM. The model is trained end-252

to-end on the Instruction-Following Speech-Text253

dataset using a joint InfoNCE loss over the differ-254

ent Matryoshka dimensions. Only the CNN and W255

are trained, while HuBERT and the LLM remain256

frozen.257

3.3 Dual Modality258

An alternative is a dual-encoder architecture, sim-259

ilar to CLIP (Radford et al., 2021) or CLAP260

(Elizalde et al., 2022), illustrated on the right of Fig-261

ure 2. The pipeline is similar to late-fusion, except262

that speech features are not forwarded to the LLM.263

In this approach, a pooling function is required264

to map the speech sequence vectors to a single265

vector. This is unnecessary in late-fusion, which266

naturally uses the pooling mechanism of Qwen3-267

0.6B-Embedding, namely the final token represen-268

tation. For dual architectures, we use attention-269

based pooling with a learnable query. We define270

a pooling query parameter q ∈ R1×d, and given271

the HuBERT features X ∈ Rs×d, the pooling is272

defined as softmax(qXT
√
d
)X 273

Compared to the late-fusion approach, this 274

dual-encoder architecture has notable limitations. 275

First, it is inherently less expressive, as speech 276

queries are represented without the depth of 277

contextualization provided by the pre-trained 278

language model’s transformer layers. Second, the 279

dual approach is incompatible with task prompting, 280

since the speech query is encoded solely by 281

the speech modules, which cannot process text 282

prompts. So, to provide more expressivity during 283

training, we unfreeze the HuBERT, and in place of 284

the simple slicing, we introduce different trainable 285

linear projections for each matryoshka dimension. 286

We study two different training objectives for the 287

dual architectures. 288

289

Dual - Retrieval. This first approach trains 290

the dual architecture with in-batch InfoNCE re- 291

trieval loss. During training, the text LLM is frozen, 292

contrary to the speech modules which are unfrozen. 293

294

Dual - Query Alignment. We found that 295

dual approaches trained on document retrieval 296

fail to converge well, likely because the 90M- 297

parameter HuBERT model is too small. We study 298

a simpler alternative: aligning Wolof speech 299

query representations with their transcriptions 300

via distillation. Since French document retrieval 301

from Wolof text queries works well, aligning 302

the representation speech queries with their tran- 303

scriptions should enable Wolof speech to French 304

document retrieval without direct training of 305

speech to document retrieval. We use a distillation 306

loss consisting of a joint loss of cosine similarity 307

loss (CosineSimilarity in PyTorch) and l1 loss 308

(L1Loss in PyTorch). 309

4 Experiments 310

Using the Sentence-Transformers library, we imple- 311

ment the four models: text-only, late-fusion, dual- 312

retrieval, and dual-query alignment. All models 313

are trained for 1 epoch with batch size 16, maxi- 314

mum length 2048, and learning rate 3 · 10−4. The 315

text-only and late-fusion models are trained on their 316

respective instruction datasets. The dual-encoder 317

models use the same data as late-fusion but without 318

prompts, since the query is only processed by the 319

speech encoder that cannot process texts. 320
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Approach dim=4096 dim=1024 dim=512 dim=256 dim=128

nDCG@5 nDCG@10 nDCG@5 nDCG@10 nDCG@5 nDCG@10 nDCG@5 nDCG@10 nDCG@5 nDCG@10

NLLB-LLM2Vec 57.98 61.53 – – – – – – – –

Late-fusion – – 69.85 74.49 66.86 71.04 61.58 67.05 56.13 62.30
Pipelined – – 57.09 62.82 54.07 59.14 45.60 51.56 41.21 47.34

Dual – Retrieval – – 46.96 53.70 45.27 52.48 41.97 49.78 38.47 44.40
Dual – Query Alignment – – 41.56 47.42 41.02 46.76 38.24 44.18 35.47 40.47

Table 1: nDCG@5 and nDCG@10 document retrieval results on Kallaama-Retrieval-Eval for the different
approaches across dimensions. NLLB-LLM2Vec is not Matryoshka and uses the full model dimension (4096),
while other approaches use matryoshka dimensions. The most performant speech-based approach is colorized and
the best scores are in bold.

Approach dim=4096 dim=1024 dim=512 dim=256 dim=128

nDCG@5 nDCG@10 nDCG@5 nDCG@10 nDCG@5 nDCG@10 nDCG@5 nDCG@10 nDCG@5 nDCG@10

NLLB-LLM2Vec 55.98 59.43 – – – – – – – –

Late-Fusion – – 57.89 61.19 55.03 58.90 50.87 54.43 41.56 46.60
Dual – Retrieval – – 41.28 45.54 40.18 45.06 39.84 45.17 39.24 44.34

Dual – Query Alignment – – 38.07 41.82 37.33 41.69 38.04 41.29 34.46 38.53

Table 2: nDCG@5 and nDCG@10 document retrieval results on Fleurs-Retrieval-Eval for the different approaches
across dimensions. NLLB-LLM2Vec uses the full embedding dimension (4096), while other approaches use
matryoshka dimensions. The most performant speech-based approach is colorized and the best scores are in bold.

4.1 Experiment 1: Retrieval Tasks321

Evaluation. We evaluate the trained models on322

Kallaama-Retrieval-Eval and Fleurs-Retrieval-Eval323

using nDCG, a standard metric to evaluate the324

ranking of recommender systems. nDCG@k325

measures the ranking quality of the top k re-326

trieved documents by comparing their graded327

relevance to an ideal ranking, with higher scores328

indicating better alignment with the ground329

truth. We implement the evaluation script using330

InformationRetrievalEvaluator class from331

Sentence-Transformers.332

333

Baseline. We compare our speech–text retrieval334

models with NLLB-LLM2Vec (Schmidt et al.,335

2024)2 , a massively multilingual text-only encoder336

built on the NLLB machine translation model337

and LLaMA3-8B, trained via self-distillation and338

supporting over 200 languages, including Wolof.339

NLLB-LLM2Vec has over 8B parameters—about340

10x more than our models, and produces fixed341

4096-dimensional embeddings, whereas our342

approach outputs Matryoshka embeddings ranging343

from 128 to 1024 dimensions. We also include a344

pipelined baseline, where speech is first transcribed345

and the transcription is then used as a text query346

with our text-only model.347

348

Results. Table 1 presents retrieval results349

2
https://huggingface.co/fdschmidt93/

NLLB-LLM2Vec-Meta-Llama-31-8B-Instruct-mntp-unsup-simcse

on the Kallaama-Retrieval-Eval dataset. The 350

late-fusion model outperforms the text-only 351

NLLB-LLM2Vec baseline despite being 10× 352

smaller and using 4× fewer embedding dimensions. 353

It also surpasses the pipelined approach, which 354

is affected by transcription error propagation. 355

These results indicate that directly leveraging 356

speech features through late fusion reduces error 357

accumulation and yields more effective retrieval. 358

The dual architecture performs poorly overall, 359

although training with a retrieval objective yields 360

better results than Query Alignment. Table 2 361

also reports results on the fleurs-Retrieval-Eval 362

dataset. While late fusion still performs best, the 363

performance gap across Matryoshka dimensions 364

is larger. As we show later, this is due to the 365

lower speech quality in FLEURS, indicating that 366

higher Matryoshka dimensions are preferable in 367

low-quality speech settings. 368

Finding 1: Late-fusion overcomes dual architec-
tures for fast cross-modal adaptation
Compared to dual architectures, late-fusion
shows better cross-modal generalization while
having fewer trainable parameters.

369

4.2 Experiment 2: Speech Keyword Spotting 370

Evaluation. We evaluate the models on speech 371

keyword spotting using the test split of Urban Bus 372

(DIOP, 2021), a dataset of common places in Dakar 373

city. The task is to detect the station or common 374

place pronounced by the user. This is exactly tran- 375
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scription retrieval, and our models have learned376

such tasks during training.377

Results. Table 3 reports Keyword Spotting Recall378

and F1 scores across Matryoshka dimensions. The379

late-fusion approach outperforms the dual architec-380

ture at all dimensions. Compared to the retrieval381

results in Tables 1 and 2, the performance of dual382

architectures is higher overall, suggesting that for383

less semantically demanding tasks such as tran-384

scription retrieval, the dual architecture can be a385

viable solution. Training the dual architecture with386

the Query Alignment objective yields better perfor-387

mance than the retrieval objective.388

Finding 2: Dual models perform well on tasks
that are not semantically demanding.
Dual architectures perform poorly on speech-to-
document retrieval, but show good results on tran-
scription retrieval tasks, which don’t require deep
semantic understanding.

389

4.3 Experiment 3: Unseen Task390

So far, we have evaluated performance on tasks391

seen during training. We now assess the models’392

generalization to an unseen task using a speech393

intent detection task in a few-shot setting.394

4.3.1 Data395

We use WolBanking77 (Kandji et al., 2025), an396

intent detection dataset with both speech and text397

queries, where text queries are transcriptions of the398

speech. The task is to classify each speech request399

into one of 10 intents.400

4.3.2 Method401

We evaluate the generalization ability of the402

late-fusion model in zero-shot and few-shot403

settings. In the zero-shot setting, the model404

encodes the intent labels and the user’s speech405

request separately, and classifies the intent of the406

speech as the label with the highest similarity score.407

In the n-Shot setting, the model is finetuned on n408

examples per class in the training set. Following409

SetFit (Tunstall et al., 2022), the few-shot learning410

is performed in two stages.411

412

Stage 1. In this stage, the model learns bet-413

ter representations of the instances of each label.414

The model is finetuned on pairs of positive and neg-415

ative examples drawn from the few-shot training416

dataset. This is achieved by pairing each example417

of a class (positive) with all other examples of418

different classes in the dataset (negatives). We419

then perform contrastive training of the late-fusion 420

model on the positive-negative pairs, varying the 421

n-Shot setting in {1, 2, 4, 8, 16}. 422

423

Stage 2. After Stage 1 training, where the 424

model has been trained to represent and discrim- 425

inate speech instances across labels, the second 426

stage finetunes a classifier head on top of this 427

frozen model using standard multiclass logistic 428

regression. 429

4.4 Results 430

Performance of Speech Intent Detection at 431

1024 dimension. Table 3 shows the results for 432

a Matryoshka Dimension of 1024. The 0-Shot 433

F1-Score is already better than random, which 434

is approximatively 10%. Adding a few more 435

examples greatly improves overall performance, 436

achieving an F1 Score of 96.11 with 16 Shot 437

training examples. 438

439

Performance of Speech Intent Detection 440

across dimensions. Figure 6 shows the evolution 441

of Speech Intent Detection performance for 442

different matryoshka dimensions as the number of 443

shots increases. While higher dimensions perform 444

better with fewer examples, lower dimensions 445

catch up when increasing the number of examples. 446

Since, as we will show it, lower dimensions 447

are cheaper at inference, these results suggest 448

it is worthwhile to pay higher training costs in 449

exchange for reduced inference costs. 450

Finding 3: Big dimensions adapt quickly to new
tasks, smaller ones need more data.
When only a few examples are available, big
dimensions perform better. However, with more
training examples, small dimensions catch up.

451

5 Analysis 452

We provide analysis, interpretations, and justi- 453

fications of the results. First, we analyze the 454

speech quality of Fleurs and Kallaama, showing 455

that Fleurs’ lower quality explains the weaker per- 456

formance on the Fleurs-Retrieval-Eval. Second, 457

we analyze how matryoshka dimensions represent 458

information by examining their rank. Third, we 459

compare the deployment costs across different ma- 460

tryoshka dimensions. And finally, we analyze the 461

instruction-following capabilities of the model in 462

Appendix A.2. All the analyses are done on the 463

late-fusion model. 464
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Approach dim=1024 dim=512 dim=256 dim=128

Late-Fusion F1 Score 88.79 84.85 79.80 76.86
Recall 89.79 86.49 81.98 79.88

Dual - Retrieval F1 Score 68.64 58.33 50.86 44.59
Recall 71.17 62.76 56.76 52.25

Dual - Query
Alignment

F1 Score 76.07 67.67 67.67 65.22
Recall 77.78 70.87 70.87 68.47

Figure 3: Keyword Spotting (Urban Bus) Performance Comparison
across different embedding dimensions.

n-Shot F1 Score Recall

0 44.79 50.64
1 56.29 58.50
2 60.40 61.93
4 87.18 88.46
8 92.54 92.51

16 96.11 96.10

Table 3: n-Shot Performance for Speech
Intent Detection at dimension 1024.
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5.1 On the speech quality of Fleurs465

We analyze the speech quality of both datasets466

and show that Fleurs exhibits lower quality due467

to its data collection design. Wolof speakers468

were asked to read translated texts on diverse469

topics such as history, geography, and astronomy.470

However, Wolof is primarily an oral language, and471

its standardized script is not taught in education472

systems, so most speakers are not used reading it.473

This is reflected in the Fleurs dataset, where speech474

contains frequent hesitations and speakers appear475

less confident. We support this by comparing476

Fleurs to Kallaama, which consists of transcribed477

spontaneous speech rather than read text.478

479

Fleurs contains more hesitations. We measure480

the Characters per second as a proxy for hesitation.481

We found that Fleurs’ speech contains 7.51482

characters per second, over than 2 times fewer483

than Kallaama where speakers produce 16.88484

characters per second.485

Fleurs is of lower volume. We also observed486

that speakers in Fleurs are less confident. This is487

reflected in the speech being less loud compared to488

Kallaama. The average volume in dB is −49.01489

for Fleurs, while it’s −23.81 Kallaama 490

491

These observations explain the speech-to- 492

document retrieval performance on Fleurs (see 493

Table 2). The results also suggest that, for lower 494

speech quality, higher matryoshka dimensions are 495

preferable. 496

Finding 4: Wolof speech in Fleurs is unnatural.
Wolof is mainly an oral language. The speakers
are not used to reading it, leading to more hesita-
tions and lower volume in Fleurs read speech.

497

5.2 The rank of matryoshka dimensions 498

We have seen in Section 4.3 that smaller dimen- 499

sions need more training time to catch up on the 500

higher dimensions. However, for retrieval, all the 501

dimensions are trained on the same amount of 502

data, and the results in Table 1 and 2 show that 503

small dimensions perform worst. This suggest 504

that small dimensions fail to represent the full 505

information. We study next the rank of the 506

matryoshka dimensions to better provide more 507

substance to interpretate these results. 508

509

Measuring the rank There are many ways 510
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to study the rank. We analyze the cumulative511

energy ratio R(k), which is the proportion of512

total variance explained by the top-k eigenvalues513

of the covariance matrix: R(k) =
∑k

i=1 λi∑d
j=1 λj

514

for k ∈ {1, 2, . . . , d}. Where λi are the eigenval-515

ues of the covariance matrix, sorted in descending516

order: λ1 ≥ λ2 ≥ . . . ≥ λd. For each matryoshka517

dimension, we compute the covariance matrix518

on the full test dataset of Kallaama. This ratio519

tells us how the information is spread within the520

matryoshka vector. If the vector is low rank, then521

R reaches 1.0 (100%) more quickly, which means522

it needs only few dimensions to represent the full523

information.524

525

Result 1: Ranks of matryoshka dimen-526

sions. Figure 4 shows the energy distribution527

for different matryoshka dimensions. Higher528

dimensions reach 1.0 more quickly, indicating they529

are lower rank and require only a small fraction530

of the full dimension to represent information.531

However, as shown in Tables 1 and 2, lower532

dimensions fail to match their performance. If533

higher dimensions are low-rank, why can’t lower534

dimensions achieve similar results? This suggests535

that matryoshka representation learning fails to536

retain critical information during compression.537

It has been suggested (Zhang et al., 2025; Wen538

et al., 2025) that MRL’s joint training and rigid539

compression rule, which is just a slicing, increases540

gradient variance during training and discards541

critical information.542

543

Result 2: Rank of queries and documents.544

We also compare the rank of speech queries545

and documents. Figure 5 shows the fraction of546

dimensions needed to represent the full energy.547

Documents have higher ranks than queries since548

they contain more information. At dimensions549

128 and 256, the vectors are full-rank, which may550

explain their lower performance, as all document551

information might not be fully represented.552

Finding 5: Information is inequally distributed
in matryoshka dimensions.
The rank analysis of the matryoshka dimensions
shows that most information is concentrated in a
few dimensions, suggesting that MRL does not
achieve optimal compression and leaves room
for further compression.

553

5.3 Costs 554
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Figure 7: Costs across matryoshka dimensions.

Method. We analyze the matryoshka dimensions 555

costs using chromadb, which is an open-source 556

application for search and retrieval. We embed in 557

float16 precision the documents in the different 558

Matryoshka dimension. We measure the time 559

in second for indexing documents (docs/s) and 560

the final disk usage in MB. We then measure 561

the time to query the documents store for one result. 562

563

Results. Figure 7 presents the relationship 564

between performance and costs. For disk usage, 565

we observe diminishing returns: increasing the 566

matryoshka dimension yields marginal accuracy 567

gains while incurring higher memory costs. 568

Smaller embedding dimensions enable faster 569

retrieval, particularly at lower dimensions due 570

to reduced FLOPs. However, indexing speed 571

improves more slowly. The trade-offs depend on 572

the user’s compute and the downstream task. As 573

shown in Section 4.3, smaller dimensions can 574

match the performance of bigger dimensions with 575

more training data. 576

6 Conclusion and Future Work 577

We presented the first cross-lingual speech-text Ma- 578

tryoshka embedding models for Wolof and French, 579

enabling direct retrieval of French documents from 580

Wolof speech without ASR-translation pipelines. 581

We collect large-scale speech-text training data and 582

compare modeling comparison, showing that late 583

modality fusion within a frozen text Matryoshka 584

model achieves the best trade-off between ex- 585

pressivity, generalization, and efficiency. Late- 586

fusion consistently outperforms pipelined and dual- 587

encoder approaches on semantically demanding 588

tasks and generalizes to unseen tasks like speech 589

intent detection. Our rank analysis reveals that in- 590

formation concentrates in few dimensions, suggest- 591

ing suboptimal compression in current Matryoshka 592

training methods. 593
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7 Limitations594

Generalization to other languages. Our study595

focuses on a single language pair, Wolof-French.596

While this setting is socially and practically moti-597

vated, it remains unclear how well the proposed598

approach generalizes to other under-represented599

languages with different phonological properties,600

writing systems, or sociolinguistic contexts.601

Extending the approach to additional language602

pairs is an important direction for future research.603

604

Synthetic Dataset. The majority of the training605

data relies on synthetic documents generated from606

transcribed and translated speech. While this607

enables scaling in low-resource settings, synthetic608

data may not fully capture the diversity and noise609

of real-world documents, potentially limiting610

robustness at deployment time. Morever, this611

approach supposes to have a functional ASR and612

translation systems, which is not always available613

for many low-resource and under-represented614

languages.615

616

Beyond Matryoshkas. Our analysis of Ma-617

tryoshka Representation Learning reveals that618

only few dimensions represent the information,619

suggesting suboptimal compression. There620

are many new works exploring alternatives to621

Matryoshka Representation Learning (Wen et al.,622

2025). We plan to explore dynamic structured623

sparsity, a more granular and flexible compression624

approach.625
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A.1 Beyond speech-to-document retrieval 774
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sources: FLEURS, ALFA (Gauthier et al., 2016), 777

Common Voice (CV), Kallaama (Gauthier et al., 778

2024), and Urban-Bus (UB) (DIOP, 2021). We 779

retain the official train/test splits for FLEURS and 780

create random splits for the other datasets. During 781

training, speech serves as the query and transcrip- 782

tions or their translations as retrieval targets. Table 783

4 summarizes the dataset distribution. 784

A.2 Instruction-Following Capabilities 785

The late-fusion model is multilingual, multimodal, 786

and multitask, as the retrieval target can be speci- 787

fied via the prompt at inference time. We analyze 788

retrieval and keyword-spotting performance under 789

different prompts. Table 5 shows that performance 790

is highest when the task description and task objec- 791

tive are aligned. 792
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Split Fleurs Alfa CV Kallaama UB Total

Train 8.72 16.13 34.97 33.60 4.52 97.94
Test 1.75 2.84 6.21 5.91 1.12 17.83

Table 4: The non-synthetic ASR dataset.

Tasks

Document Retrieval Keyword Spotting

Prompt nDCG@5 nDCG@10 F1 Recall

Document Retrieval 68.85 74.49 85.35 87.39
Transcription Retrieval 66.08 71.38 88.79 89.79

Table 5: Instruction-following performance of late-fusion model (d=1024) on document retrieval and keyword
spotting with different prompts.
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