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Abstract

Recent speech foundation models excel at mul-001
tilingual automatic speech recognition (ASR)002
for high-resource languages, but adapting them003
to low-resource languages remains challeng-004
ing due to data scarcity and efficiency con-005
straints. Full-model fine-tuning is computation-006
ally expensive and prone to overfitting, while007
parameter-efficient methods like LoRA apply008
adaptation uniformly across layers, overlook-009
ing internal representations thus compromising010
effectiveness and efficiency. We analyze mul-011
tilingual ASR models and reveal a U-shaped012
adaptability pattern: early and late layers are013
language-specific and require more adaptation,014
while intermediate layers retain shared seman-015
tics and need less. Building on this obser-016
vation, we propose DAMA, a Depth-Aware017
Model Adaptation framework that allocates018
adaptation capacity according to each layer’s019
role. DAMA also introduces Singular Value020
Decomposition (SVD)-based initialization to021
constrain adaptation and preserve the U-shaped022
pattern, as well as a frozen middle-layer ba-023
sis for further efficiency. Evaluated on 18024
low-resource languages across two benchmark025
datasets, DAMA matches or surpasses state-026
of-the-art accuracy with 80% fewer trainable027
parameters, achieves a 29% error reduction un-028
der extreme data scarcity, and significantly im-029
proves memory, training time, and computa-030
tional efficiency over baselines. These results031
highlight the benefits of structure-aware adap-032
tation for efficient, scalable multilingual ASR.033

1 Introduction034

Recent speech foundation models (Pratap et al.,035

2024; Cui et al., 2025) are pretrained on vast036

amounts of multilingual speech data and capable of037

performing a variety of tasks, such as multilingual038

automatic speech recognition (ASR), with partic-039

ular success in high-resource languages such as040

English. However, their performance drops sub-041

stantially on low-resource languages or local di-042

alects (Shi et al., 2024), due to the limited data 043

availability, resulting in substantial disparities for 044

underrepresented languages. 045

Efficiently adapting these models for low- 046

resource languages with limited data remains a 047

significant challenge. In many real-world scenar- 048

ios, such as the rapid deployment of speech tech- 049

nologies in emerging markets or for local dialects, 050

there is a critical need for adaptation methods that 051

are both accurate and highly efficient. These ap- 052

proaches must enable fast adaptation to limited 053

new data, operate within stringent memory and 054

computational constraints, and maintain strong per- 055

formance even in extremely low-data settings. 056

Traditional full-parameter fine-tuning is compu- 057

tationally and memory intensive, making it imprac- 058

tical for many applications, especially on edge de- 059

vices or with limited resources. The scarcity of la- 060

beled data for low-resource languages further com- 061

plicates adaptation, as full-parameter fine-tuning 062

often suffer from overfitting or catastrophic forget- 063

ting (Wang et al., 2024; Chang et al., 2021; Yang 064

et al., 2022; Kwok et al., 2024). 065

Recent work has shifted towards parameter- 066

efficient fine-tuning (PEFT) (Ding et al., 2023), 067

such as Low-Rank Adaptation (LoRA) (Hu et al., 068

2022), which freezes the original model parameters 069

and updates only a small set of new weights for the 070

target language. These methods enable faster and 071

more memory-efficient adaptation. However, these 072

methods adapt all layers uniformly in a brute-force 073

manner, overlooking the structure of language rep- 074

resentations and potentially limiting effectiveness 075

and parameter efficiency, especially in extremely 076

low-resource settings. In large models, even stan- 077

dard LoRA may still require updating a significant 078

number of parameters. 079

Therefore, advancing efficient multilingual adap- 080

tation in speech foundation models requires a nu- 081

anced understanding of how these models represent 082

and share multilingual knowledge internally. This 083
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study first conducts a layer-wise analysis of how084

multilingual speech representations are maintained085

and interact across different model layers, revealing086

a distinct U-shaped pattern of plasticity: early and087

late layers capture language-specific features and088

are more adaptable, while middle layers remain089

language-agnostic. This suggests that different lay-090

ers require varying degrees of adaptation to new091

languages, challenging the prevailing assumption092

in prior work that all layers are equally suitable for093

adaptation (Song et al., 2024; Kwok et al., 2025).094

Motivated by this U-shaped pattern, we propose095

Depth-Aware Model Adaptation (DAMA), which096

introduces three mechanisms to tune models for097

new languages with both effectiveness and effi-098

ciency. First, the Depth-Aware Rank Schedule allo-099

cates higher adaptation capacity to the more plastic100

early and late layers while restricting the rank in101

the middle layers, balancing parameter efficiency102

with preservation of the model structural properties.103

Second, to constrain adaptation in the middle lay-104

ers, we propose SVD-Based Initialization, which105

initializes adaptation weights in directions orthog-106

onal to the dominant weights of the model. This107

helps preserve shared language representations and108

maintain the U-shaped adaptability. Finally, to fur-109

ther improve efficiency, especially in low-resource110

settings, we introduce Basis-Protected Projection111

(BPP), where a subset of adaptation weights is112

frozen, thus reducing the number of trainable pa-113

rameters while preserving essential knowledge.114

We evaluated DAMA on 18 low-resource lan-115

guages using the Common Voice and FLEURS116

datasets. DAMA matches or outperforms state-117

of-the-art baselines while reducing parameters by118

about 80%. More importantly, in extremely low-119

resource settings (0.5 to 1 hour of data), it achieves120

up to 29% relative Word Error Rate (WER) im-121

provement. Efficiency analysis shows a 24% gain122

in GPU memory utilization and 36% faster training.123

These results highlight that adaptation aligned with124

model layer properties enables scalable, parameter-125

efficient multilingual systems without sacrificing126

accuracy. Our contribution is summarized below:127

• We are the first to systematically analyze layer128

wise multilingual language representations in129

speech foundation models. We reveal a U-130

shaped distribution of language specificity,131

which demonstrates how these models main-132

tain and share cross-lingual knowledge.133

• We propose DAMA, a novel depth-aware134

multilingual ASR adaptation framework that 135

achieves an effective balance between adapt- 136

ability and parameter efficiency, while pre- 137

serving essential multilingual knowledge. 138

• Our experiments on 18 languages demonstrate 139

a Pareto-optimal trade-off for the proposed 140

DAMA. It exceeds or matches SOTA perfor- 141

mance while significantly reducing trainable 142

parameters, memory usage and training time. 143

Most importantly, DAMA exhibits superior 144

robustness in low-resource settings. 145

2 Related Work 146

Multilingual Automatic Speech Recognition 147

(MASR). MASR (Yadav and Sitaram, 2022) 148

aims to transcribe speech across diverse languages 149

using a single, unified foundation model. Recent 150

advancements have been driven by scaling up train- 151

ing data and model capacity, such as Whisper (Rad- 152

ford et al., 2023) and MMS (Pratap et al., 2024). 153

While these models excel at recognizing high- 154

resource languages, their performance degrades sig- 155

nificantly when applied to low-resource languages 156

unseen during pre-training. Due to the limited data 157

availability, it necessitates the efficient adaptation 158

to new languages without the prohibitive compu- 159

tational cost of full retraining or the risk of catas- 160

trophic forgetting (Li et al., 2022). 161

Efficient Multilingual Adaptation Strategies. 162

To adapt speech foundation models to new 163

languages, fully fine-tuning has traditionally 164

been the default approach. However, updating 165

all parameters is computationally prohibitive for 166

resource-constrained settings. More importantly, 167

FFT often leads to catastrophic overfitting where 168

the model memorizes sparse data at the expense 169

of generalizable semantic knowledge (Xiao 170

et al., 2022; Yang et al., 2022; Peng and Xiao, 171

2024). Some methods attempt to preserve prior 172

knowledge by constraining updates to important 173

parameters (Xiao et al., 2025; Xiao and Das, 2025). 174

However, these methods often struggle to balance 175

the plasticity-stability dilemma, limiting their 176

ability to learn new tasks effectively. To enable 177

efficient adaptation, PEFT has become the main 178

paradigm. Methods such as Low-Rank Adaptation 179

(LoRA) (Hu et al., 2022) and Adapters (Houlsby 180

et al., 2019) freeze the pre-trained backbone and 181

inject a small number of trainable parameters 182

to capture task-specific shifts. Despite their 183
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success, standard PEFT methods in MASR184

overlook language representations and adapt185

all model layers uniformly, compromising both186

efficiency and effectiveness (Song et al., 2024; Li187

et al., 2025; Yang et al., 2025). While methods188

like AdaLoRA (Zhang et al., 2023b) introduce189

dynamic rank allocation, they depend on sensitivity190

scores derived from training data. In few-shot or191

low-resource settings, insufficient data renders192

these sensitivity estimates unstable because they193

rely on computationally expensive searches. This194

highlights a critical gap in more effective and195

efficient adaptation mechanisms for low-resource196

speech data.197

198

3 Analysis of Language Representations199

To investigate how language representations are200

maintained and shared within the latent space, we201

conduct a layer-wise analysis utilizing linear prob-202

ing at each layer to perform a language identifica-203

tion (LID) task. If the representations at a given204

layer are language-specific, the LID accuracy will205

be high; conversely, lower accuracy suggests more206

language-agnostic representations. This analysis207

enables us to identify the extent to which language-208

specific information is preserved across layers.209

3.1 Layer-wise Linear Probing210

Specifically, we conduct our analysis within the211

encoder-decoder framework, which is commonly212

used in recent speech foundation models (Rad-213

ford et al., 2023; Omnilingual et al., 2025; Peng214

et al., 2023). Given a speech input sequence xt,215

the encoder processes this input and generates216

a sequence of latent representations, denoted as217

ht = Encoder(xt). These encoder outputs ht are218

then provided as input to the decoder, fθ, param-219

eterized by weights θ. The decoder consists of L220

layers, with the intermediate activations at the l-th221

layer denoted as z(l)t , where l ∈ {1, . . . , L}.222

For each decoder layer l, we apply linear probing223

to the representations z
(l)
t . Specifically, we train224

a linear classifier g(l)(·) on the activations z(l)t to225

perform the LID task with cross-entropy loss. The226

classification accuracy provides a quantitative mea-227

sure of the degree to which language-specific infor-228

mation is encoded at the l-th layer. This provides a229

comprehensive view of how language representa-230

tions are maintained, diminished, or abstracted at231

different depths of the decoder network.232
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Figure 1: Layer-wise probing for different languages
before and after fine-tuning.

Dataset and Language Selection: To ensure the 233

robustness of our analysis, we select a diverse set 234

of languages from the Common Voice (Ardila et al., 235

2020) dataset. We construct two distinct evaluation 236

groups to test the generalization capability of the 237

model. The first group consists of five languages 238

that were seen during the pre-training, which 239

allows us to measure how the model represents 240

known knowledge. The second group consists of 241

ten unseen languages, which allows us to observe 242

how the model handles completely new linguistic 243

patterns. We provide the full list of these languages 244

and their specific details in Appendix A. 245

246
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3.2 The U-Shaped Layer-wise Plasticity247

Analysis of Seen Languages: The results on248

seen languages, as illustrated in Figure 1a, reveal249

a distinct U-shaped pattern across the depth of250

the decoder. The early layers (layers 1 to 5)251

and the late layers (layers 28 to 32) achieve a252

near 100%. This indicates that the model retains253

strong language-specific markers. Conversely, the254

intermediate layers exhibit a noticeable drop in255

performance. Specifically, the accuracy falls to256

approximately 93% around layer 17. The relative257

decline forms a “Semantic Valley”, which suggests258

that the middle layers are less sensitive to language259

identity and focus more on language-agnostic260

semantic representations.261

262

Analysis of Unseen Languages: Further anal-263

ysis of languages that were not seen during pre-264

training also reveals the same “Semantic Valley”,265

despite the decreased accuracy. This consistent U-266

shaped behavior confirms that decoder naturally267

organizes information with depth-dependent plas-268

ticity. Regardless of the languages, the early and269

late layers capture language-specific linguistics fea-270

tures, while the middle layers relatively maintain a271

language-agnostic representation.272

It is interesting to note that this U-shaped pat-273

tern aligns with recent findings in text-based Large274

Language Models (Kojima et al., 2024; Tang et al.,275

2024; Wu et al.). Our results demonstrate that this276

hierarchical phenomenon is also evident in speech277

foundation models, even with the different end-to-278

end learning paradigm of speech training.279

3.3 The Impact of Fine-tuning280

We further investigate how the commonly used fine-281

tuning affects the U-shaped plasticity. We first per-282

form full parameter fine-tuning on two distinct lan-283

guages, Turkish (tr) and Mandarin (zh), and repeat284

the probing analysis. The results, presented in Fig-285

ure 1c, shows that the distinct U-shaped pattern has286

completely disappeared, where the “Semantic Val-287

ley” observed in the pre-trained model is disrupted288

by a continuous upward trend. The middle lay-289

ers, which captures language-agnostic representa-290

tions, have been forced to encode strong language-291

specific information. While it enables adaptation292

to new languages, the semantic collapse coincides293

with catastrophic forgetting of seen languages such294

as English, as shown in Figure 1d, where the WER295

on English surges from 11% to over 93% after296

fine-tuning. Further, it also results in significant 297

computational costs, including increased memory 298

footprint and longer training times. 299

While standard LoRA improves adaptation effi- 300

ciency and preserves the original model weights, 301

it does not account for the specialized role of the 302

middle layers. By uniformly adapting all layers, 303

including those responsible for language-agnostic 304

processing, LoRA may still disrupt critical seman- 305

tic representations, eroding well-established struc- 306

tures and undermining cross-lingual generalization 307

and robustness. Preserving the U-shaped plasticity, 308

particularly in the middle layers, is essential to safe- 309

guard learned knowledge and improve efficiency, 310

as adaptation should primarily target the early and 311

late layers. 312

4 Proposed DAMA 313

To maintain the U-shaped structure during adapta- 314

tion, we propose the efficient Depth-Aware Model 315

Adaptation (DAMA). First, We introduce a Depth- 316

Aware Rank Schedule assigning higher adapta- 317

tion capacity to the early and late layers while 318

restricting the lower adaptation in the middle lay- 319

ers. Second, we propose SVD-based Initialization 320

for LoRA in the middle layers to explicitly pre- 321

serve language-agnostic representations, enabling 322

efficient low-rank adaptation. Third, we design 323

Basis-Protected Projection (BPP), which protects 324

and freezes parameters in the middle layers to fur- 325

ther improve adaptation efficiency and stability, 326

especially in low-resource settings. 327

4.1 Depth-Aware Rank Allocation 328

Standard LoRA (Hu et al., 2022) adapts pre-trained 329

models by fine-tuning a low-rank update to each 330

weight matrix. Given a pre-trained model with 331

weight matrix W0 ∈ Rd×k, LoRA constrains the 332

update ∆W as the product of two low-rank matri- 333

ces: B ∈ Rd×r and A ∈ Rr×k, where r ≪ d, k. 334

The forward pass is then: 335

h = (W0 +∆W )x = W0x+BAx, (1) 336

During training, W0 is frozen. A is randomly ini- 337

tialized and B is set to zero, so initially, the update 338

has no effect. Standard LoRA assigns the same 339

rank r to all layers, allocating uniform adaptation 340

capacity to early, middle, and late layers. 341

Instead, DAMA employs the Depth-Aware Rank 342

scheduling following the U-shaped distribution, 343

with a layer-dependent rank function r(l) that flex- 344

ibly adjusts the adaptation capacity based on the 345
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Figure 2: Overview of the DAMA Framework compared with LoRA. (a) The standard LoRA with uniform rank. (b)
The DAMA Framework. Specifically, the Depth-Aware Rank schedule allocates high plasticity to the early and
late layers, while the Basis-Protected Projection physically locks the middle layers to protect “Semantic Valley”.
All layers mean all the layers from the decoder. The decoder processes acoustic embeddings from the encoder and
transcribes them into output tokens.

position l of each decoder layer. Specifically, we346

divide the L decoder layers into three segments:347

Early (learly : 1 ≤ l ≤ learly), Mid (lmid : learly <348

l < llate), and Late (llate : llate ≤ l ≤ Ltotal),349

where learly = ⌊θ1Ltotal⌋ and llate = ⌊θ2Ltotal⌋350

for 0 < θ1 < θ2 < 1. We assign each layer a351

LoRA rank r(l) with a U-shaped schedule bounded352

by a maximum rank rhigh and a minimum rank rlow:353

r(learly) = rhigh −
l − 1

learly − 1
(rhigh − rlow), (2)354

r(lmid) = rlow, (3)355

r(llate) = rlow +
l − llate

Ltotal − llate
(rhigh − rlow), (4)356

As shown in Figure 2, this schedule allocates357

more adaptation capacity to the early layers where358

the model needs to adapt to the specific characteris-359

tics of new target languages, and late layers where360

the model transitions from processing semantic rep-361

resentations to generating specific lexical outputs362

in the target language, while minimizing adaptation363

in the middle to pre- serve the language-agnostic364

space. This improves efficiency and stability across365

all projection modules.366

4.2 SVD-based Initialization367

While a low rank r in the middle layers helps pre-368

serve the characteristic U-shaped representational369

structure, we further reinforce this by employing370

SVD-based initialization for adaptation. This ap-371

proach constrains LoRA updates to directions that372

minimally impact the language-agnostic semantic373

subspace, thereby preventing over-adaptation and374

semantic drift in these critical layers. Unlike stan-375

dard LoRA, which uses random Gaussian initial- 376

ization and may introduce "geometric noise," SVD- 377

based initialization helps maintain the integrity of 378

the U-shaped representation. 379

Given a weight matrix W ∈ Rm×n from the 380

middle layers of the pre-trained speech foundation 381

model, we perform SVD: 382

W = U ΣV T , (5) 383

where Σ = diag(σ1, . . . , σmin(m,n)) contains the 384

singular values in descending order. The leading 385

r principal components, corresponding to the top 386

singular values σ1, . . . , σr, capture the language- 387

agnostic semantic knowledge that should be pre- 388

served during adaptation. 389

To constrain the adaptation to directions orthog- 390

onal to this subspace, we select the residual com- 391

ponents by taking the trailing singular vectors 392

Vtail = [vr+1, . . . , vmin(m,n)]. We then initialize 393

the LoRA adaptation matrix A (see Eq. (1)) as: 394

A = V T
tail, (6) 395

This initialization restricts the LoRA updates to 396

directions with minimal overlap with the language- 397

agnostic semantic subspace. As a result, the core 398

semantic structure of the pre-trained model is pre- 399

served, reducing the risk of semantic drift during 400

adaptation. 401

4.3 Basis-Protected Projection (BPP) 402

To further stabilize adaptation and improve compu- 403

tational efficiency, we introduce the BPP module, 404

which freezes the LoRA matrix A in the middle 405

layers and updates only B. By freezing the SVD- 406

initialized A, we ensure that training updates can- 407

not inadvertently steer the adaptation back into the 408
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protected semantic subspace, thereby strictly pre-409

serving the core language-agnostic representations410

and making semantic drift virtually impossible. Un-411

like standard LoRA, which updates both A and412

B, our approach constrains adaptation to a signifi-413

cantly lower-rank space by updating only B. This414

strategy is particularly advantageous in extremely415

low-resource settings, as it substantially reduces416

the number of trainable parameters. Consequently,417

the risk of overfitting is lowered and generalization418

may be improved, especially when the downstream419

task dataset is limited in size.420

5 Experimental Setup421

5.1 Datasets422

We evaluate our approach using two multilin-423

gual datasets to ensure broad applicability: Com-424

mon Voice (Ardila et al., 2020) and FLEURS425

dataset (Conneau et al., 2023). Common Voice is a426

crowd-sourced collection providing validated tran-427

scriptions for a wide variety of languages. Follow-428

ing established protocols (Della Libera et al., 2024;429

Kwok et al., 2025), we select ten languages that430

are unseen during training, including Kinyarwanda,431

Esperanto, Kabyle, Luganda, Meadow Mari, Cen-432

tral Kurdish, Abkhaz, Kurmanji Kurdish, Frisian,433

and Interlingua. For these languages, we adopt a434

standard data split of ten hours for training, one435

hour for validation, and one hour for testing.436

FLEURS dataset (Conneau et al., 2023) is de-437

rived from the FLoRes machine translation bench-438

mark and contains parallel speech and text. From439

FLEURS, we construct two distinct evaluation440

groups. The first group consists of "Seen Weak"441

languages, such as Hindi and Welsh, which the442

model has encountered but still struggles to process443

effectively. The second group consists of “Unseen”444

languages, including Ganda and Sorani Kurdish,445

which are completely new to the model.446

To ensure a fair and rigorous evaluation, we se-447

lected these languages based on three strict criteria.448

First, we maximized geographic diversity by in-449

cluding languages from Africa, Europe, and Asia.450

This prevents regional bias in our results. Second,451

we prioritized languages with limited resources.452

These languages often lack sufficient training data453

and pose a greater challenge than widely spoken454

languages like English. Finally, we selected lan-455

guages based on task difficulty. Notably, the base-456

line Whisper model fails to transcribe the “Unseen”457

group entirely, and can not perform well in the458

“Seen Weak” group. For the details of the dataset, 459

please refer to Appendix B. 460

5.2 Implementation Details 461

We employ the Whisper large v2 model (Radford 462

et al., 2023) as the backbone which utilizes a stan- 463

dard encoder-decoder architecture and is a com- 464

monly used multilingual speech foundation model. 465

Following prior benchmark (Della Libera et al., 466

2024), we initialize and train new token embed- 467

dings for unseen languages to ensure the model can 468

identify them correctly. To assess performance, we 469

compare our method against fine-tuning and SOTA 470

PEFT methods, including standard LoRA (Hu et al., 471

2022) and its variants: DoRA (Liu et al., 2024), 472

LoRA-FA (Zhang et al., 2023a), LoRA-XS (Bałazy 473

et al., 2024), VB-LoRA (Li et al., 2024), and 474

AdaLoRA (Zhang et al., 2023b). We selected these 475

methods to cover a wide range of efficiency strate- 476

gies, such as dynamic rank allocation and weight 477

decomposition. 478

For our method, we apply it to all linear pro- 479

jection matrices, including the Query, Key, Value, 480

Output, and the FFN layers. We optimize the rhigh 481

and alpha to 32 while rlow to 8. We set θ1 and θ2 to 482

0.3 and 0.7. Training proceeds for two epochs with 483

a batch size of 6. We use the AdamW optimizer 484

combined with a dynamic learning rate scheduler. 485

Finally, we apply a greedy decoding strategy for all 486

inference tasks. We assess the systems using both 487

accuracy metric of WER and efficiency metrics in- 488

cluding number of parameters, MACs (Multiply 489

Accumulate operations) and GPU memory. The 490

MACs specifically measure the additional floating- 491

point operations introduced by the trainable adapter 492

modules, excluding the frozen backbone. Complete 493

configuration details and baseline settings can be 494

referred to Appendix B. 495

6 Results and Discussion 496

6.1 Performance Comparison 497

Experiments on the Common Voice and FLEURS 498

datasets (Table 1) show that DAMA achieves a su- 499

perior trade off between accuracy and efficiency. 500

DAMA attains an average WER of 39.73%, which 501

effectively matches the strongest baseline, LoRA, 502

at 39.71%. Importantly, DAMA exhibits stronger 503

robustness across different languages: it success- 504

fully avoids the significant performance drop seen 505

with compression approaches like VB-LoRA on 506

"Unseen" languages (43.20% vs. 59.81%), and it 507
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Table 1: Performance comparison using Average WER and parameter efficiency on Common Voice and FLEURS.
The rightmost column separately reports additional MACs for each method.

Method Params (M)
Unseen Languages Seen-Weak

Average Extra MACs (G)
Common Voice FLEURS FLEURS

Fine-tuning 906.5 43.87 50.05 27.55 41.34 -
LoRA (Hu et al., 2022) 68.2 43.25 47.13 25.19 39.71 102.2
DoRA (Liu et al., 2024) 68.7 43.61 46.46 25.24 39.73 1415.4
LoRA-FA (Zhang et al., 2023a) 34.1 46.00 48.56 25.65 41.55 51.1
LoRA-XS (Bałazy et al., 2024) 1.3 57.36 55.23 30.29 50.06 104.2
VB-LoRA (Li et al., 2024) 4.9 59.81 50.75 28.00 49.59 758.3
AdaLoRA (Zhang et al., 2023b) 51.1 51.66 52.36 28.41 46.02 76.7
DAMA (Ours) 14.9 43.20 47.25 25.26 39.73 22.3

Table 2: Avg WER on Common Voice (10 languages)
in the 2-hour, 1-hour, and 0.5-hour low-resource setting.

Method Avg WER (0.5h) Avg WER (1h) Avg WER (2h)

Fine-tuning 68.11 61.79 54.60
LoRA (Hu et al., 2022) 64.84 59.96 54.28
DoRA (Liu et al., 2024) 64.73 59.93 54.24
LoRA-FA (Zhang et al., 2023a) 68.63 63.23 57.48
LoRA-XS (Bałazy et al., 2024) 80.57 73.99 67.58
VB-LoRA (Li et al., 2024) 73.05 76.64 77.81
AdaLoRA (Zhang et al., 2023b) 90.16 72.73 65.94
DAMA (Ours) 64.11 58.80 54.20

outperforms full fine-tuning on "Seen-Weak" lan-508

guages (47.25% vs. 50.05%). However, DAMA509

uses only 14.9 million parameters, around one-fifth510

as many as standard LoRA, which requires 68.2511

million parameters. In contrast, full fine-tuning512

yields a significantly higher WER of 41.34% de-513

spite using over 900 million parameters, more than514

60 times than ours. This suggests that updating515

all parameters is inefficient and likely degrades the516

source model with limited data.517

6.2 Data Efficiency in Low-Resource Settings518

We further investigate the Average WER of DAMA519

in data scarce scenarios, with 0.5 hours to 2 hours520

of per unseen languages from Common Voice, as521

shown in Table 2. DAMA maintains remarkable522

generalization capabilities while other methods suf-523

fer significant degradation. Specifically, DAMA524

achieves an average WER of 58.80% in the 1 hour525

setting. This score surpasses the fine-tuning base-526

line, which reaches 61.79%. This suggests that up-527

dating all parameters in the low data regime leads528

to severe overfitting. The robustness of DAMA529

becomes evident when comparing it to methods530

like AdaLoRA and LoRA-XS. These baselines fail531

to adapt effectively, with error rates spiking above532

72%. While AdaLoRA employs dynamic rank al-533

location, it relies on data driven sensitivity scores534

to prune parameters. In extremely low resource535

settings, these scores become unreliable due to536

data sparsity, leading to poor architectural deci-537

28.32
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15
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21
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27
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GPU peak memory (GB)

Figure 3: Average Peak GPU memory usage for dif-
ferent adaptation methods across all 10 languages on
Common Voice.
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Figure 4: Pareto Frontier analysis of one-epoch adapta-
tion time versus overall average WER.

sions. In contrast, DAMA uses a structural rank 538

schedule based on the hierarchical nature of speech. 539

This fixed prior guides the adaptation process with- 540

out overfitting to the limited data. Consequently, 541

DAMA consistently delivers high accuracy com- 542

parable to robust methods like LoRA and DoRA, 543

proving its reliability even under challenging train- 544

ing conditions. 545

6.3 Computational Efficiency 546

MACs. We further evaluate the computational 547

overhead using Extra MACs. As shown in Table 548

1, DAMA achieves the lowest overhead among all 549

methods, requiring only 22.3G MACs. In strong 550

contrast, standard LoRA demands 102.2G MACs, 551

which is nearly five times higher. Furthermore, ad- 552
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vanced methods like DoRA and VB-LoRA incur553

a massive computational cost, reaching 1415.4G554

and 758.3G MACs, respectively. While LoRA-FA555

and AdaLoRA achieve lower MACs compared to556

standard baselines, their MACs remain higher than557

ours. Additionally, both methods exhibit worse558

WER, especially on unseen languages. This con-559

firms that our sparse, protected basis design is the560

most suitable candidate for real-time applications.561

GPU Peak Memory. Figure 3 illustrates the562

peak GPU memory usage across different adapta-563

tion strategies. Compared to the resource-intensive564

fine-tuning, our approach significantly reduces the565

GPU peak memory usage from 28.32 GB to 21.63566

GB, a substantial reduce of approximately 24%,567

which makes our method much more accessible for568

resource-constrained settings.569

When compared to other parameter-efficient570

methods, DAMA continues to demonstrate supe-571

rior efficiency. It requires less memory than both572

standard LoRA and DoRA. This efficiency stems573

from our adaptive ranking strategy, which avoids574

unnecessary gradient updates. While VB LoRA575

achieves a comparable memory usage of 21.51 GB,576

it comes at a severe cost to accuracy with signifi-577

cantly worse WER. Consequently, DAMA offers578

the most favorable balance between memory cost579

and performance across all evaluated methods.580

Training-time Efficiency Analysis. We further581

compare the adaptation time of a single epoch as582

shown in Figure 4. The Pareto figure shows the583

training time in seconds on the horizontal axis and584

WER on the vertical axis. DAMA occupies the op-585

timal position at the bottom left corner, indicating586

it is the most efficient method among all baselines.587

Specifically, DAMA achieves the fastest training588

time of 242.11 seconds while simultaneously main-589

taining the lowest WER of 58.80%. In contrast,590

while LoRA FA matches our speed with 242.43591

seconds, it suffers from a significantly higher WER592

of 63.23%. This shows that simplifications made593

by LoRA FA compromise the model quality. Con-594

versely, DoRA achieves a competitive error rate595

of 59.93% but requires a much longer training596

time of 377.93 seconds. This 56% increase in time597

makes DoRA less suitable for rapid adaptation. Fi-598

nally, methods like AdaLoRA and VB-LoRA fall599

far behind the frontier, as they exhibit both slower600

training speeds and higher error rates. Therefore,601

DAMA offers the best balance of speed and accu-602

racy for real time applications.603

Table 3: Ablation study on the three key components of
DAMA using the Common Voice dataset.

Depth-Aware (U-shaped) Basis-Protected (BPP) SVD-based Initialization Avg WER

Uniform ✓ ✓ 43.67
✓ Full Adaptation ✓ 42.98
✓ ✓ Random 43.95

6.4 Ablation Study 604

We investigate the contribution of the three designs 605

in DAMA: the Depth-Aware Rank Schedule, the 606

SVD-based Initialization and BSP in Table 3. First, 607

we replace our depth-aware schedule with a uni- 608

form rank distribution, which increases the WER to 609

43.67% even with more complex adapter. This re- 610

sult confirms the “U-shaped” plasticity hypothesis: 611

the model requires high adaptability at the early 612

and late layers, but strictly limited interventions in 613

the middle layers to preserve performance. 614

Second, we compare our SVD-based initializa- 615

tion method against a standard random initializa- 616

tion. The random approach yields a higher error 617

rate of 43.95%, proving that SVD constrains LoRA 618

updates to directions that minimally impact the 619

language-agnostic semantic subspace and main- 620

tains the u-shape for improved performance. We 621

finally replace the proposed BSP with full adapta- 622

tion, yielding a negligible accuracy gain of only 623

0.22% (43.20% vs. 42.98%). However, this minor 624

gain comes at the cost of structural safety and more 625

parameters in the middle layers. 626

7 Conclusions 627

This work presents the first systematic investiga- 628

tion of layer-wise plasticity in MASR and reveals 629

a distinctive U-shaped pattern. Building on this 630

finding, we introduce DAMA, a novel adaptation 631

framework that leverages this U-shaped structure 632

for more efficient and effective adaptation to new 633

languages. Experimental results show that DAMA 634

achieves strong performance across languages, es- 635

pecially in low-resource settings, while signifi- 636

cantly reducing the number of trainable parame- 637

ters and improving efficiency in memory usage, 638

training time, and floating-point operations. These 639

results highlight the importance of tailoring adapta- 640

tion strategies to the internal organization of foun- 641

dation models. Our findings open new avenues for 642

developing scalable and robust multilingual and 643

low-resource adaptation methods by harnessing 644

model-internal representations, paving the way for 645

more accessible and efficient speech technologies. 646
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Limitations647

While DAMA demonstrates strong robustness,648

there are several avenues for future improvement.649

First, although our approach has been validated650

on 18 linguistically diverse languages, expanding651

evaluation to an even broader range, including ex-652

tremely rare dialects, will further test the gener-653

alizability of the "U-shaped" prior. Second, our654

method is specifically optimized for low-resource655

adaptation by ensuring structural integrity; in high-656

resource scenarios, relaxing the constraints on the657

Semantic Valley may unlock even greater perfor-658

mance gains. Finally, extending this work to ex-659

plore whether the Semantic Valley phenomenon660

supports other downstream tasks beyond ASR661

presents an exciting direction for future research.662
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A Details of the Depth-aware Analysis849

A.1 Probing Methodology850

To ensure that our analysis reflects the intrinsic851

representations of the model rather than the capac-852

ity of the probe, we employed a lightweight linear853

probing protocol. For probing, we keep the Whis-854

per backbone completely frozen and only train a855

lightweight linear classifier on top of its hidden856

states. For a chosen layer l in decoder, we extract857

the full sequence of hidden states for each utter-858

ance, then apply a mean temporal pooling strategy859

to obtain a single dimensional representation per860

example. These pooled representations are passed861

to a single linear layer that predicts the language862

ID, with locales mapped to integer labels via a nor-863

malized locale vocabulary. We optimize only this864

linear probe using AdamW with a learning rate of865

1 × 10−3, cross-entropy loss for language identi-866

fication, with batch size 256 and 5 epochs in our867

experiments, selecting the best model by validation868

loss before reporting final accuracy on the test set.869

A.2 Analyzed Languages870

To validate the universality of the U-shaped plastic-871

ity profile, we selected a diverse set of languages872

from the Common Voice dataset.873

• Seen Languages: English, Turkish, Russian,874

German, and Chinese.875

• Unseen Languages: Kinyarwanda, Es-876

peranto, Kabyle, Luganda, Meadow Mari,877

Central Kurdish, Abkhaz, Kurmanji Kurdish,878

Frisian, and Interlingua.879

A.3 Linguistic Rationale for Language880

Selection881

To prevent selection bias, , we selected the "Seen"882

languages to maximize typological diversity. We883

specifically chose languages that diverge from En-884

glish across three structural dimensions, ensuring885

that the observed “Semantic Valley” is a universal886

phenomenon.887

• Syntactic Order: We included SOV languages888

(e.g., Turkish) to contrast with the SVO struc-889

ture of English, testing the model’s robustness890

to significant word-order shifts.891

• Morphology: We selected fusional languages892

(e.g., Russian, German) to challenge the plas-893

tic early layers with complex inflections and894

token sparsity.895

• Information Density: We included Chinese to 896

validate the semantic valley’s stability even 897

when processing high-density characters that 898

differ radically from alphabetic subwords. 899

Consequently, for the "Unseen" target languages, 900

we adhered to the established CL-MASR bench- 901

mark (Della Libera et al., 2024) (e.g., Kinyarwanda, 902

Luganda) to ensure fair, reproducible comparisons 903

with baselines. 904

B Experiments 905

B.1 Datasets and Language Statistics 906

In this subsection, we introduce how we design 907

the dataset for experiment. For the Common Voice 908

‘Unseen’ languages, we adopted the standard CL- 909

MASR benchmark (Della Libera et al., 2024) in- 910

cluding languages such as Kinyarwanda and Lu- 911

ganda—to guarantee fair and reproducible baseline 912

comparisons. 913

For the FLEURS dataset. We selected the Whis- 914

per Seen-Weak set (Hindi, Welsh, Belarusian, Per- 915

sian, Swahili) by looking for languages where 916

WER drops clearly from Whisper-tiny to larger 917

checkpoints, but where there is still visible room 918

for improvement. This pattern suggests that scaling 919

helps, so these languages are suitable for PEFT be- 920

cause they are not “stuck” at an extreme error level 921

even at larger models. We also selected by geo- 922

graphic diversity under the FLEURS grouping and 923

diversity in writing systems and linguistic structure, 924

so that any gains we see are less likely to be specific 925

to one region or one script. 926

The priority was to cover multiple FLEURS re- 927

gions and to include both a near-neighbor transfer 928

case (Asturian) and structurally diverse languages: 929

Luganda as a Bantu language from Sub-Saharan 930

Africa, Central Kurdish from the Middle East with 931

morphologically rich structure and Perso-Arabic 932

script, Oriya with Odia script from South Asia, and 933

Cebuano as an Austronesian language from South- 934

East Asia, so improvements are informative across 935

different linguistic and geographic conditions. 936

B.2 Baseline methods 937

To comprehensively validate the proposed DAMA 938

framework, we compared it against three categories 939

of adaptation methods. This selection covers the 940

spectrum from standard uniform approaches to ad- 941

vanced dynamic allocation strategies. 942
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Language ISO 639-1 Duration (minutes)

Training Validation Test

Common Voice

Kinyarwanda rw 600 60 60
Esperanto eo 600 60 60
Kabyle kab 600 60 60
Luganda lg 600 60 60
Meadow Mari mhr 600 60 60
Central Kurdish ckb 484 60 60
Abkhaz ab 600 60 60
Kurmanji Kurdish kmr 296 60 60
Frisian fy-NL 330 60 60
Interlingua ia 313 60 60

FLEURS

Hindi hi 399 60 60
Welsh cy 600 60 60
Belarusian be 571 60 60
Persian fa 600 60 60
Swahili sw 600 60 60
Luganda lg 600 60 60
Central Kurdish ckb 584 60 60
Asturian ast 452 60 60
Cebuano ceb 600 60 60
Oriya or 206 60 60

Table 4: Data duration (minutes) per language split into
training, validation, and test sets.

1. Uniform Adaptation Baselines: These meth-943

ods apply a fixed rank across all layers, treating the944

model as a homogeneous structure.945

• LoRA (Hu et al., 2022): The most widely946

used PEFT method. It injects trainable low-947

rank matrices (A and B) into every layer with948

a uniform rank.949

• DoRA (Liu et al., 2024): A robust variant950

of LoRA that decomposes weights into mag-951

nitude and direction. It serves as a strong952

baseline for accuracy but suffers from high953

computational cost during training.954

2. Data-Driven Dynamic Baselines: These955

methods attempt to allocate parameters based on956

data sensitivity, which contrasts with our structure-957

driven approach.958

• AdaLoRA (Zhang et al., 2023b): It dynami-959

cally allocates the rank budget among layers960

based on the importance scores derived from961

gradients. As discussed in Section 6.2, this962

method often struggles in low-resource set-963

tings where gradient signals are noisy.964

3. Efficiency-Focused Variants: These methods965

prioritize parameter or memory efficiency.966

• LoRA-FA (Zhang et al., 2023a): Freezes967

the projection-down matrix A (randomly ini-968

tialized) and only trains B. While memory-969

efficient, it lacks the structural initialization 970

of our Basis-Protected Projection. 971

• LoRA-XS (Bałazy et al., 2024): Utilizes Sin- 972

gular Value Decomposition (SVD) to perform 973

static compression of the weight updates. 974

• VB-LoRA (Li et al., 2024): Employs a shared 975

“Vector Bank"" to construct low-rank matrices. 976

This represents an extreme compression ap- 977

proach but often compromises performance 978

on unseen languages. 979

Comparing DAMA against these diverse base- 980

lines allows us to verify that our strategy outper- 981

forms both uniform methods and data-driven meth- 982

ods (which overfit in low-resource regimes). 983

B.3 Baseline methods hyperparameter setting 984

Common Training Settings: All methods use a 985

training batch size of 6, a validation batch size is 986

16, and a sample rate is 16000 Hz.The maximum 987

target sequence length is 448. All methods train 988

for 2 epochs with AdamW optimizer, maximum 989

gradient norm of 5.0, FP16 precision, and learning 990

rate scheduling via NewBobScheduler (improve- 991

ment threshold 0.0025, annealing factor 0.8). For 992

the Common Voice dataset, utterances longer than 993

10 seconds are filtered, the maximum generation 994

tokens is 80. For the FLEURS dataset, utterances 995

longer than 30 seconds are filtered, the maximum 996

generation tokens is 120. 997

Uniform Low-Rank Methods For uniform low- 998

rank methods, we maintained consistent structural 999

constraints across all layers. Specifically, both 1000

LoRA and DoRA were configured with a fixed 1001

rank of r = 64 and alpha α = 64. The primary dis- 1002

tinction lies in their optimization approach: DoRA 1003

applies weight decomposition without dropout to 1004

isolate magnitude updates, whereas LoRA utilizes 1005

a dropout rate of 0.1. 1006

Advanced & Efficiency Variants Regarding ad- 1007

vanced efficiency variants, we adopted specific con- 1008

figurations tailored to their dynamic architectures. 1009

AdaLoRA utilized an adaptive budget allocation 1010

strategy, initializing with a rank of 48 and gradually 1011

pruning to a target rank of 32 based on sensitivity 1012

scores smoothed by an EMA factor of 0.85. In 1013

contrast, VB-LoRA employed an extreme compres- 1014

sion approach using a vector bank of 90 vectors (di- 1015

mension 1280) with Top-2 selection; notably, this 1016

required a higher learning rate of 1e−3 to ensure 1017
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Table 5: Results of the Common Voice dataset by language for different adaptation methods.

Lang FT LoRA DoRA LoRA-FA LoRA-XS VB-LoRA AdaLoRA DAMA

ab 60.12 61.59 61.79 64.58 81.09 73.91 73.35 62.01
ckb 51.42 50.64 51.04 51.04 63.81 58.77 59.03 50.97
eo 19.64 15.36 15.51 16.11 20.92 22.36 18.61 15.36
fy-NL 28.92 26.45 25.63 29.87 40.94 36.17 34.27 26.41
ia 16.49 9.04 9.31 10.25 13.60 12.74 11.52 9.33
kab 63.73 68.29 68.75 72.91 85.34 79.29 79.71 67.14
kmr 39.97 39.40 39.52 42.19 55.13 45.36 48.97 38.61
lg 58.37 59.42 60.51 63.81 77.84 68.67 69.59 60.07
mhr 32.26 33.06 33.19 36.56 50.32 44.67 43.33 32.93
rw 67.81 69.24 70.89 72.66 84.65 77.48 78.19 69.13

Table 6: Results of the FLEURS dataset by language for different adaptation methods.‘*’ means seen languages.

Lang FT LoRA DoRA LoRA-FA LoRA-XS VB-LoRA AdaLoRA DAMA

ast 22.69 17.28 17.32 19.17 24.56 19.93 21.06 17.64
be* 23.23 19.43 19.53 20.03 27.91 22.88 22.78 18.69
ceb 21.45 18.91 17.80 19.52 23.37 20.67 20.16 18.70
ckb 57.12 58.29 58.18 60.47 71.79 66.43 66.76 58.83
cy* 28.98 27.73 27.52 27.77 28.96 27.90 29.47 27.77
fa* 23.16 19.95 19.91 20.05 22.87 22.30 21.53 20.15
hi* 25.64 24.78 24.78 24.90 27.38 26.15 26.90 24.82
lg 58.81 62.95 60.72 63.85 72.21 64.92 68.97 61.71
or 90.18 78.22 78.28 79.77 84.22 81.78 84.89 79.37
sw* 36.76 34.08 34.46 35.50 44.37 40.79 41.35 34.88

convergence within the restricted parameter space.1018

Finally, LoRA-XS was constructed via SVD de-1019

composition (10 iterations) of a pre-trained LoRA1020

module (r = 64), where we froze the resulting1021

low-rank matrices and only trained the intermedi-1022

ate r× r latent mapping matrix. We also evaluated1023

LoRA-FA, which initializes the projection-down1024

matrix A randomly and freezes it, exclusively up-1025

dating the projection-up matrix B. This variant1026

similarly employed rank r = 64, serving as a base-1027

line for static subspace constraints.1028

C Additional results1029

C.1 Results by different languages.1030

The detailed performance on the Common Voice1031

and FLEURS datasets is presented in Table 5 and1032

Table 6. This evaluation encompasses a diverse set1033

of low-resource languages, categorized into “Un-1034

seen” targets and “Seen-Weak” languages (with ‘*’1035

in the table). Specifically, these results highlight1036

the superior generalization capability of DAMA1037

compared to uniform baselines like LoRA and1038

data-driven variants like AdaLoRA. While stan-1039

dard methods suffer from degradation on unseen1040

languages due to overfitting, DAMA consistently1041

maintains high accuracy across both categories.1042

Table 7: Comparison of Catastrophic Forgetting on En-
glish (Seen) after adapting to Kinyarwanda (Unseen).

Lang Base FT LoRA DoRA DAMA

English 11.09 105.50 12.93 13.09 12.56
Kinyarwanda – 67.81 69.24 70.89 69.13

C.2 Forgetting estimation 1043

To evaluate whether the adaptation process dam- 1044

ages the model’s existing knowledge, we analyzed 1045

the performance on the source language (English) 1046

after training on a target low-resource language 1047

(Kinyarwanda). The results are presented in Ta- 1048

ble 7. Specifically, the data reveals the severe 1049

risk of Catastrophic Forgetting associated with un- 1050

constrained updates. As shown in the table, Fine- 1051

Tuning (FT) causes the WER on English to spike 1052

dramatically from the baseline 11.09% to 105.5%. 1053

This indicates that while FT adapts to the new lan- 1054

guage, it completely overwrites the model’s pre- 1055

trained semantic core. 1056

In stark contrast, DAMA demonstrates superior 1057

stability then . It maintains an English WER of 1058

12.56%, which is significantly closer to the origi- 1059

nal baseline and outperforms both LoRA (12.93%) 1060

and DoRA (13.09%). Consequently, this confirms 1061

that our Basis-Protected Projection (BPP) success- 1062

fully locks the "Semantic Valley," ensuring that the 1063

model learns new languages without sacrificing its 1064

intrinsic capabilities. 1065
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