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Abstract

This paper introduces Robust Spin (R-Spin), a001
data-efficient self-supervised fine-tuning frame-002
work for speaker and noise-invariant speech003
representations by learning discrete acoustic004
units with speaker-invariant clustering (Spin).005
R-Spin resolves Spin’s issues and enhances006
content representations by learning to predict007
acoustic pieces. R-Spin offers a 12X reduction008
in computational resources compared to previ-009
ous state-of-the-art methods while outperform-010
ing them in severely distorted speech scenarios.011
This paper provides detailed analyses to show012
how discrete units contribute to speech encoder013
training and improving robustness in diverse014
acoustic environments.015

1 Introduction016

Self-supervised learning (SSL) for encoder pre-017

training has emerged as a foundational element in018

speech processing, outperforming conventional ap-019

proaches across various applications (Mohamed020

et al., 2022; Liu et al., 2022). Given the substantial021

cost associated with human annotation of speech022

data, SSL methods leverage unlabeled audio data023

to pre-train encoders, generating good representa-024

tions for downstream tasks like automatic speech025

recognition (ASR) and speaker identification (Yang026

et al., 2021; Tsai et al., 2022). The application of027

SSL models has notably concentrated on ASR, aim-028

ing to mitigate the dependence on large transcribed029

corpora (Hsu et al., 2021a; Baevski et al., 2022;030

Liu et al., 2023). Thus, extracting content represen-031

tations has become a crucial aspect of speech SSL032

research (Tjandra et al., 2021; Chan and Ghosh,033

2022; Peyser et al., 2022; Williams, 2022). Prior034

studies have devised objective functions to disen-035

tangle content from speech, fostering the ability of036

SSL models to generate speaker-invariant represen-037

tations through self-supervised fine-tuning (SSFT).038

In SSFT, unlabeled data is utilized to refine a pre-039

trained SSL model for specific applications. Qian040

et al. (2022) propose ContentVec by disentangling 041

speaker and content information, demonstrating 042

promising results. However, ContentVec suffers 043

from the requirement of a voice conversion model 044

and substantial computational costs exceeding 600 045

GPU hours. Alternatively, Chang et al. (2023) pro- 046

pose Speaker-invariant Clustering (Spin) to pro- 047

duce content representations with minimal fine- 048

tuning resources. Nonetheless, Spin is constrained 049

to fine-tuning only the top layers, thereby lacking 050

the flexibility to adapt to diverse acoustic domains. 051

Parallel to modeling content information in 052

speech, numerous studies are dedicated to investi- 053

gating the robustness of speech SSL. While current 054

methods perform well on clean speech datasets, 055

they are vulnerable to out-of-domain data like dis- 056

torted audio signals (Hsu et al., 2021b). To miti- 057

gate this vulnerability, researchers have proposed 058

noise-invariant training techniques. Huang et al. 059

(2022a) proposes HuBERT-MGR via domain ad- 060

versarial training to render the fine-tuned HuBERT 061

model (Hsu et al., 2021a) invariant to domain shifts. 062

WavLM (Chen et al., 2022) integrates denoising 063

with the HuBERT pre-training framework, achiev- 064

ing state-of-the-art performance in many speech 065

processing downstream tasks. Similarly, Zhu et al. 066

(2023) propose Robust data2vec, introducing per- 067

turbations to the input to predict the exponential 068

moving average teacher model’s representations. 069

In deHuBERT (Ng et al., 2023), the Barlow Twins 070

loss (Zbontar et al., 2021) is applied to encour- 071

age representation invariability to input perturba- 072

tions. Although many methods have shown success 073

in noisy speech recognition (Wang et al., 2022; 074

Zhu et al., 2022; Huang et al., 2022b; Hu et al., 075

2023), to our knowledge, none have concurrently 076

addressed the disentanglement of speaker and noise 077

while enhancing content information. Furthermore, 078

these approaches exhibit inefficiency, often requir- 079

ing high computation costs and iterating large cor- 080

pora over numerous epochs. 081
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Figure 1: The proposed R-Spin self-supervised fine-tuning framework. The input utterance is perturbed into a
different voice and distorted with random noise. Both the original and perturbed views are fed into an encoder
initialized with an SSL pre-trained model. The model is optimized with Speaker-invariant Clustering (Spin) (Chang
et al., 2023) objective (LSpin) and frame-wise pseudo-label prediction loss (LAux).

To effectively acquire high-quality content and082

robust representations for real-world applications,083

this paper extends Spin with noise-invariant train-084

ing and acoustic piece pseudo-label learning,085

coined Robust Spin (R-Spin). During training, two086

utterances of the same content yet subjected to087

distinct distortions are fed into a speech SSL en-088

coder. The encoder outputs are then frame-wise089

vector-quantized with a learnable codebook via on-090

line clustering, as in Spin. The model is trained091

to predict swapped cluster ID between the two ut-092

terances. To prevent model collapse, an additional093

pseudo-label prediction loss is introduced. These094

pseudo-labels are generated by learning acous-095

tic pieces (Ren et al., 2022a) on top of the dis-096

crete units produced by a pre-trained Spin model,097

offering better training targets that closely align098

with phonemes and characters. Within this frame-099

work, the speech encoder learns speaker and noise-100

invariant representations, benefiting robustness and101

content extraction simultaneously. The contribu-102

tions are summarized as follows:103

1. We integrate predicting acoustic pieces into104

Spin, enabling fine-tuning all parameters with-105

out collapsing, which allows processing more106

complex speech recordings.107

2. R-Spin inherits the benefit of low training108

costs from Spin, requiring 12X less computa-109

tion than prior arts.110

3. With noise-invariant training, R-Spin outper-111

forms other SSFT approaches in distorted112

speech and phoneme recognition tasks like113

the CHiME-4 challenge (Vincent et al., 2017).114

4. We inspect the hidden representations of115

speech SSL models to quantify the speaker116

and noise invariability. 117

5. We offer in-depth analyses of discrete acous- 118

tic units to understand how these units help 119

speech encoder training. 120

2 Method 121

2.1 Overview 122

The proposed R-Spin framework is shown in 123

Fig. 1. R-Spin is based on Speaker-invariant Clus- 124

tering (Spin) (Chang et al., 2023), a self-supervised 125

fine-tuning method with online clustering and 126

swapped prediction for capturing content repre- 127

sentations (Sec. 2.2). We introduce noise-invariant 128

training by perturbing inputs to improve robust- 129

ness (Sec. 2.3). Moreover, an auxiliary pseudo- 130

label prediction loss enables fine-tuning the en- 131

tire model without collapsing (Sec. 2.4). Acoustic 132

Piece is incorporated with the auxiliary loss to im- 133

prove performance further (Sec. 2.5). 134

2.2 Speaker-invariant Clustering 135

Spin is an efficient SSFT method for improving 136

content representations inspired by Swapping As- 137

signments between Views (SwAV) (Caron et al., 138

2020). We briefly introduce Spin and suggest read- 139

ers refer to the original paper for further details. 140

For each utterance in a mini-batch, the F0 fre- 141

quency and the relative ratio between formant fre- 142

quencies are randomly perturbed to mimic the same 143

sentence spoken by a different speaker (Choi et al., 144

2021; Qian et al., 2022). The original and perturbed 145

views are fed into a transformer encoder (Vaswani 146

et al., 2017) initialized with an SSL model like 147

HuBERT (Hsu et al., 2021a). The output rep- 148

resentations H = [h1 . . .hB]
T of the original 149
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view are linearly projected and L2-normalized to150

Z = [z1 . . . zB]
T, where B is the number of frames151

in a batch. We then use the representations to com-152

pute a probability distribution over a learnable code-153

book as p (·|zb). We perform the same operations154

to the perturbed utterance, resulting in another dis-155

tribution q (·|z̃b), where ·̃ denotes features from the156

speaker-perturbed view. Next, q is smoothed by157

solving an optimal transport problem to enforce158

full codebook usage. Finally, the model is trained159

to perform swapped predictions between views by160

minimizing the cross-entropy loss161

LSpin =− 1

2B

∑
b∈[B]

∑
k∈[K]

q (k|z̃b) log p (k|zb)

− 1

2B

∑
b∈[B]

∑
k∈[K]

q (k|zb) log p (k|z̃b) ,

(1)162

where K is the size of the learnable codebook, and163

the second term emerges from the interchangeabil-164

ity of the role of the perturbed and original speech.1165

Under this SSFT framework, the fine-tuned model166

produces speaker-invariant representations, making167

the content of speech signals more accessible to168

downstream applications.169

2.3 Noise-invariant Training170

To improve the robustness of SSL models, we intro-171

duce noise-invariant training by introducing audio172

distortions after speaker perturbation. After adding173

background noises to the input signals, the utter-174

ances are processed with the Spin SSFT framework.175

We anticipate the model will acquire the capacity176

to concurrently eliminate both noise and speaker-177

related information, thereby enabling the trained178

model to generate robust content representations.179

2.4 Auxiliary Pseudo-label Prediction Loss180

As noted by Chang et al. (2023), Spin is constrained181

to fine-tuning solely the uppermost layers of pre-182

trained SSL encoders. Otherwise, the model con-183

verges towards a trivial solution, yielding outputs184

irrelevant to the corresponding inputs. This limita-185

tion may not be overly problematic when the appli-186

cation domain closely aligns with the pre-training187

data. However, given that the lower layers are188

associated with low-level signal processing like189

denoising (Chang et al., 2021; Gong et al., 2023),190

subjecting these layers to fine-tuning is imperative.191

This adjustment is particularly beneficial in enhanc-192

ing the model’s robustness to out-of-domain data.193

1[N ] = {1, 2, . . . , N} for any positive integer N .

Consequently, we propose a pseudo-label predic- 194

tion loss to prevent models from collapsing. 195

The pseudo-label prediction task is a frame-wise 196

classification problem, having a loss function of 197

LAux =− 1

2B

∑
b∈[B]

log p (yb|hb)

− 1

2B

∑
b∈[B]

log p
(
yb

∣∣∣h̃b

)
,

(2) 198

where yb is the pseudo-label at frame b. The prob- 199

ability distributions are computed by projecting h 200

with a fully connected layer followed by a softmax. 201

The choice of pseudo-labels is flexible, including K- 202

means clusters of acoustic features and codewords 203

produced by Spin. With this loss, the fine-tuned 204

models are expected to preserve content even when 205

all layers are fine-tuned. Combining Eqs. 1 and 2, 206

the overall loss function is 207

L = LSpin + λLAux, (3) 208

where λ > 0 is a hyper-parameter. LAux has learn- 209

ing targets independent of the model, regularizing 210

and stabilizing the training process. Meanwhile, 211

LSpin optimizes on varying labels from a codebook, 212

offering flexibility to improve upon the pseudo- 213

labels in LAux. Therefore, the combined loss func- 214

tion is expected to enhance pre-trained speech SSL 215

encoders and mitigate Spin’s limitations. 216

2.5 Acoustic Piece 217

This section introduces acoustic pieces (Ren et al., 218

2022b) to LAux to further improve R-Spin. APs are 219

learned by applying byte-pair encoding (BPE) (Sen- 220

nrich et al., 2016) to discrete acoustic units like 221

K-means clusters of HuBERT representations. AP 222

captures high-level units close to phonemes and 223

characters, useful for pre-training (Wu et al., 2023) 224

and generation (Shen et al., 2023). Hence, we pro- 225

pose to set AP as the target of LAux to extract better 226

content representations. 227

Following Ren et al. (2022b), we first merge 228

identical consecutive units in time for each utter- 229

ance. The BPE algorithm is then applied to the 230

reduced sequences to learn acoustic pieces. Next, 231

we encode the entire training corpus into APs and 232

duplicate the encoded units to the original utterance 233

length. The encoded corpus is then used as the 234

pseudo-labels for Eq. 2, expecting to encourage the 235

fine-tuned SSL model to encode better phoneme 236

and character representations. 237
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3 Experiments238

3.1 Data239

The 960 hours of unlabeled English speech in Lib-240

riSpeech is used for R-Spin training (Panayotov241

et al., 2015).2 Audio distortions are generated242

with torch-audiomentations.3 Following Zhu et al.243

(2023), background noises are sampled from MU-244

SAN (Snyder et al., 2015) and CHiME-4 (Vin-245

cent et al., 2017) corpora, covering music, speech,246

and outdoor noise.4 The signal-to-noise (SNR) ra-247

tios are uniformly sampled from [−10, 10] during248

training. We add distortions to each utterance dur-249

ing evaluation, including Gaussian noise, MUSAN250

noise, and reverberation (Appendix A.5).251

3.2 Implementation252

The SSFT experiments are mostly based on253

WavLM (Chen et al., 2022) because WavLM is pre-254

trained with a denoising objective, offering a good255

initialization. HuBERT (Hsu et al., 2021a) is also256

considered to demonstrate R-Spin’s generalizabil-257

ity to SSL models trained with clean speech. We258

follow the implementations by Chang et al. (2023),259

which uses PyTorch (Paszke et al., 2019), PyTorch-260

Lightning (Falcon, 2019), and torchaudio (Yang261

et al., 2022).5 The acoustic pieces are generated262

by learning BPE tokens on top of a HuBERT +263

Spin2048 model (Appendix A.2). Further details264

can be found in Appendix A.3. We employ GitHub265

Copilot and ChatGPT for implementation and writ-266

ing assistance.267

3.3 Notations268

We denote X + SpinK as an SSL model X fine-269

tuned with Spin with a codebook size of K. In270

X + R-SpinK1,K2 , K1 and K2 are respectively the271

codebook size of LSpin and the number of classes272

of pseudo-labels for LAux. If the pseudo-labels are273

acoustic pieces, “AP” is added to K2. Unless spec-274

ified otherwise R-Spin denotes R-Spin32, AP40k.275

3.4 Noisy Phoneme Recognition276

We compare the phoneme recognition performance277

of SSL and SSFT methods under noisy condi-278

tions. The training setup is similar to the SU-279

PERB phoneme recognition task (Yang et al.,280

2021), where the SSL models are frozen and only281

2Released under CC BY 4.0
3https://github.com/asteroid-team/torch-audiomentations
4MUSAN: CC BY 4.0 / CHiME-4: CC BY-NC-SA 2.0
5https://github.com/vectominist/spin
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Figure 2: Phoneme error rates (PER) under different
noise types and SNRs. R-Spin32, AP40k is used here.

a lightweight prediction head is fine-tuned (Ap- 282

pendix A.5).6 We apply distortions only to testing 283

data to obtain phoneme error rates (PER). We di- 284

vide results into two categories by the amount of 285

speech processed during SSFT (Sec. 3.6), directly 286

related to the resources used. 287

As shown in the middle columns of Table 1, 288

R-Spin improves SSL models in all conditions, 289

surpassing both low and high-budget methods. 290

WavLM + R-Spin has the best overall PERs be- 291

cause WavLM is pre-trained with a denoising 292

task, showing that model initialization contributes 293

largely to the recognition performance after SSFT. 294

Gaussian noise and reverberation conditions are 295

unseen during R-Spin training. Still, the proposed 296

method improves performance on these tasks, indi- 297

cating that noise-invariant training generalizes to 298

some out-of-domain perturbations. Furthermore, 299

comparing Robust data2vec with R-Spin is unfair 300

since the training costs are 12 times apart. Hence, 301

we reduce the batch size to train a low-budget 302

version of the Robust data2vec (Appendix A.4). 303

The noticeable performance drop in the low-budget 304

model implies Robust data2vec requires high com- 305

putation resources, but our approach still offers 306

competitive results with even fewer training data. 307

For a more detailed comparison, we plot PERs 308

under different SNRs in Fig. 2. Note that these 309

models are trained with MUSAN noise except for 310

WavLM, and only HuBERT-MGR uses Gaussian 311

6https://github.com/s3prl/s3prl
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SSFT
Processed

Speech (hours)

LibriSpeech test-other
Phoneme Recognition (PER↓)

CHiME-4
ASR (WER↓)

Method Clean Gaussian† MUSAN Reverb† Real Sim

No SSFT Baselines
HuBERT (Hsu et al., 2021a) 0 10.7 74.5 50.2 23.2 72.7 63.1
WavLM (Chen et al., 2022) 0 10.3 59.9 45.1 19.4 52.4 46.4

SSFT Baselines
HuBERT + Spin2048 (Chang et al., 2023) 0.4k 8.4 70.8 47.8 18.4 71.3 62.0
WavLM + Spin2048 (Chang et al., 2023) 0.4k 8.2 59.2 41.2 16.7 52.1 46.6
Robust data2vec (Low-budget) 10.4k 38.8 68.2 52.9 53.7 80.9 78.2

Proposed
HuBERT + R-Spin32, AP40k 8.2k 8.3 36.4 18.2 16.3 34.3 34.1
WavLM + R-Spin32, AP40k 8.2k 8.2 33.7 16.7 14.9 26.4 26.6

High-budget SSFT Toplines
ContentVec500 (Qian et al., 2022) 76k 8.7 71.4 47.2 16.8 61.4 55.1
HuBERT-MGR (Huang et al., 2022a) 78k 9.5 37.1 36.3 18.3 49.7 44.3
Robust data2vec (Zhu et al., 2023) 105k 6.5 56.7 27.7 19.2 17.5 20.1

Supervised Toplines
Whisper Base (Radford et al., 2022) – – – – – 17.9 23.3
Whisper Small (Radford et al., 2022) – – – – – 10.8 14.3

†Unseen perturbation types for R-Spin and Robust data2vec.

Table 1: Phoneme recognition on LibriSpeech and ASR on CHiME-4 test sets. Gaussian noise, MUSAN background
noise, and reverberation (Reverb) are respectively added to simulate noisy conditions, where the SNRs are fixed to
0dB. The calculation of the number of hours of processed speech during SSFT follows Chang et al. (2023).

noise. The proposed method achieves the overall312

lowest PERs. HuBERT-MGR excels in Gaussian313

noise, but R-Spin slightly outperforms this model314

even though this type of noise is unseen. Still,315

our method offers improvements even when the316

SNR is high. Overall, the proposed R-Spin im-317

proves capturing content under severe distortions318

with minimal effort.319

3.5 Noisy Speech Recognition320

This section assesses R-Spin with a noisy ASR321

task. We adopt the SUPERB ASR setup with the322

CHiME-4 corpus (Vincent et al., 2017) to eval-323

uate the models in more realistic noisy record-324

ings (Appendix A.6). The results in the right325

columns of Table 1 reveal that R-Spin surpasses326

low-budget baseline models. While R-Spin demon-327

strates commendable performance on CHiME-328

4, this method falls short compared to Robust329

data2vec, which benefits from training with a sub-330

stantially higher budget. Furthermore, we set Whis-331

per Base and Small as toplines due to their ro-332

bustness demonstrated through large-scale weakly-333

supervised learning (Radford et al., 2022). R-334

Spin successfully mitigates the performance gap335

between WavLM and the Whisper toplines by over336

60%. Combining phoneme and speech recognition337

findings, we conclude that R-Spin effectively en- 338

hances pre-trained SSL models in capturing robust 339

content representations. 340

3.6 Data Efficiency 341

The objective behind developing R-Spin is to en- 342

hance speech SSL models with minimal resources, 343

including reducing training data to improve data 344

efficiency. Following Chang et al. (2023), an anal- 345

ysis of the duration of speech data processed dur- 346

ing training is undertaken to quantify the computa- 347

tional expenses associated with each method. As 348

depicted in the second column of Table 1, these 349

values are derived by multiplying the number of 350

training updates and the effective batch size for 351

each update. Compared with the high-budget SSFT 352

methods, R-Spin requires significantly lower train- 353

ing costs, concurrently exhibiting superior perfor- 354

mance across diverse conditions. A complete com- 355

parison of the training costs can be found in Ap- 356

pendix C. 357

3.7 Representation Invariability 358

3.7.1 Speaker Invariability 359

This section explores the robustness of SSL models 360

regarding representation invariability by examining 361

the characteristics of representations under diverse 362
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Figure 3: t-SNE (Van der Maaten and Hinton, 2008) visualization of the CNN and the layer with the lowest speaker
identification rate given the same clean utterance spoken by three different speakers from TIMIT (Garofolo, 1993).
Each color represents a speaker, while each label visualizes a frame representation and the corresponding phoneme
label. The transcription is “Don’t ask me to carry an oily rag like that.” The silence frames are omitted for clarity.
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Figure 4: Layer-wise perturbation invariability analyses with Linear CKA, where higher values indicate higher
invariability to perturbations. The zeroth layer denotes the CNN feature extractor.
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Figure 5: t-SNE visualization of hidden representations
of the same audio utterance in Fig. 3 with different
distortions indicated by colors, where SNR = 0dB.

perturbations. The visualization of these represen-363

tations articulated by distinct speakers is facilitated364

by applying t-SNE (Van der Maaten and Hinton,365

2008). We show the layer with the lowest speaker366

identification (SID) rate according to Fig. 10. In367

Figs. 3a and 3b, there is a discernible clustering of368

frames uttered by the same speaker, suggesting that369

lower layers retain more speaker-specific informa-370

tion. Conversely, Figs. 3c and 3d illustrate that top371

layer features are grouped according to phonemes372

rather than speakers. Moreover, the top layer rep-373

resentations are context-dependent, as exemplified374

by the spatial arrangement of phonemes such as375

“carry” (k eh r iy) and the same phoneme iy 376

in the word "oily" (oy l iy) in Fig. 3d. Besides, 377

a comparative analysis between Figs. 3c and 3d re- 378

veals that R-Spin features exhibit a more prominent 379

overlap among speakers than HuBERT. As a result, 380

this section substantiates the speaker-invariability 381

of the proposed approach. Detailed visualizations 382

and the layer-wise speaker identification results can 383

be found in Appendices B.3 and D. 384

3.7.2 Noise Invariability 385

Here, we examine the response of continuous repre- 386

sentations to input distortions. Similar to Sec. 3.7.1, 387

we employ t-SNE visualization to explore hid- 388

den representations under different distortions. As 389

shown in Fig. 5, the R-Spin representations exhibit 390

a more pronounced overlap than those subjected 391

to HuBERT, suggesting that R-Spin demonstrates 392

greater robustness to noise. Fig. 5b reveals that fea- 393

tures exposed to MUSAN background noise exhibit 394

a high degree of overlap with unperturbed features, 395

whereas the other two perturbation types diverge 396

more significantly from clean speech features. This 397

divergence is attributed to Gaussian noise and re- 398

verberation being unseen during R-Spin training. 399

Nevertheless, HuBERT + R-Spin yields similar rep- 400

resentations under various distortions, resulting in 401
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Figure 6: WavLM + R-Spin results with different (a) codebook size K’s and (b)(c) AP vocabulary sizes in LAux.
(b) and (c) depict the phoneme and character segmentation R-values, where the dotted curves are the baselines by
segmenting each utterance with equal-length segments given the number of boundaries obtained by the acoustic
pieces. The PERs are calculated by averaging over different noise conditions on LibriSpeech test-other. The WERs
are the averaged scores of the real and simulated evaluation sets of CHiME-4.

closely located visualized frames.402

Subsequently, we compute linear centered ker-403

nel alignment (CKA) similarities (Kornblith et al.,404

2019) of frame-wise features with and without405

noisy inputs, where a higher similarity indicates a406

higher invariability to distortions. The evaluation407

involves the construction of datasets derived from408

the LibriSpeech dev-clean and dev-other sets, aug-409

mented with various distortions. Fig. 4 illustrates410

that R-Spin exhibits superior noise invariability for411

the upper layers than other models, indicating the412

efficacy of noise-invariant training even if the noise413

types are unseen. In contrast, Robust data2vec has414

a greater noise invariability starting from the bot-415

tom layers. Lower layers tend to demonstrate lower416

similarities, suggesting a higher sensitivity to per-417

turbations. This observation aligns with existing418

research discussed in Sec. 2.4, which associates419

lower layers with fundamental signal processing420

functions. Overall, the analysis underscores the421

notable noise invariability offered by R-Spin.422

3.8 Importance of Discrete Units423

This section analyzes the impact of discrete acous-424

tic units on the downstream performance and the425

relation between APs, phonemes, and characters.426

3.8.1 Codebook and Acoustic Pieces Size427

We inspect the importance of the codebook size in428

Spin. As highlighted by Chang et al. (2023), the429

codebook size positively correlates with phoneme430

recognition. A similar trend can be found in Fig. 6a431

but has an inverted trend for ASR. However, the432

observed performance discrepancy is less than 1%,433

suggesting that the impact of codebook size on R-434

Spin is marginal. In contrast, substantial improve-435

ments in ASR are observed with larger acoustic436

piece vocabularies, as evidenced by Figs. 6c and 437

6b, while such improvements are not in phoneme 438

recognition. To analyze this phenomenon, we in- 439

vestigate the phoneme and character segmentation 440

capabilities using discrete units. 441

3.8.2 Phoneme and Character Segmentation 442

Here, we segment speech with acoustic pieces and 443

show the R-values in Figs. 6b and 6c. R-value is 444

a robust metric for evaluating word or phoneme 445

segmentation (Räsänen et al., 2009). The predicted 446

boundaries are computed by finding the locations 447

where the adjacent discrete units differ. We per- 448

form this task on the force-aligned LibriSpeech 449

dev-clean and dev-other sets (Lugosch et al., 2019; 450

McAuliffe et al., 2017).7 The character bound- 451

aries are obtained by dividing each force-aligned 452

word segment into equal-length segments corre- 453

sponding to individual characters within the word. 454

More accurate boundaries can be computed with 455

character-based aligners, but we only need a rough 456

estimation of the character segmentation quality. 457

As depicted in both Figs. 6b and 6c, larger AP vo- 458

cabulary sizes have superior segmentation, indicat- 459

ing that a greater number of APs contribute to form- 460

ing units that closely resemble linguistic units. The 461

baseline, which involves uniformly segmenting ut- 462

terances based on the number of boundaries derived 463

from APs, underscores the non-random nature of 464

AP boundaries. Although the segmentation capa- 465

bility of APs is incomparable with other unsuper- 466

vised speech segmentation algorithms (Kreuk et al., 467

2020), they present significantly improved targets 468

for LAux, consequently enhancing the accuracy of 469

ASR. A full comparison of unsupervised phoneme 470

segmentation can be found in Appendix B.4. 471

7https://zenodo.org/record/2619474 (CC-BY 4.0)
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Figure 7: An example of phoneme alignment of an utterance “This had some effect in calming him.” from
LibriSpeech dev-clean. The black lines indicate the force-aligned boundaries, while the red dashed lines are the
predicted boundaries with AP40k.

CHiME-4
Method Real Sim

Spin2048 (Chang et al., 2023) 52.1 46.6
R-Spin32, AP40k (Proposed) 26.4 26.6

no LAux 47.8 45.6
no LSpin 31.9 32.4
no speaker perturbation 28.3 28.0
no additive noise 49.4 46.8

Pseudo Label for LAux
Spin2048 codebook♠ 28.3 29.1
MFCC (K-means 512) 46.9 45.4
MFCC (K-means 2048) 48.5 45.5
HuBERT L9 (K-means 512)♠ 28.8 29.1
HuBERT L9 (K-means 2048)♠ 28.2 28.4

♠Pairwise t-tests between these results all have p > 0.05.

Also, p < 0.05 when they are compared with R-Spin32, AP40k.

Table 2: CHiME-4 ASR results for ablation studies
based on fine-tuned WavLM models.

Furthermore, we show an example of segment-472

ing an utterance with acoustic pieces of 40k vo-473

cabularies in Fig. 7. The red dashed stripes visu-474

ally depict that the boundaries of APs are mostly475

aligned with phoneme boundaries. Notably, the476

predicted boundaries occasionally exhibit a slight477

temporal lag compared to the ground truth, like478

the initial occurrences of ah and m. We suspect479

the 50Hz framerate of HuBERT or the Spin train-480

ing objective causes this phenomenon since they481

could reduce time resolution and introduce tempo-482

ral shifts in representations. Still, the actual cause483

remains a subject for future investigation. To sum-484

marize, APs effectively learn discrete acoustic units485

and benefit ASR performance.486

3.9 Ablation Studies487

Under the same CHiME-4 ASR setup in Sec. 3.5,488

we conduct ablation studies to analyze the design489

of the proposed methods. As shown in Table 2, by490

removing the proposed auxiliary loss, the WERs in-491

crease significantly, showing that LAux helps ASR492

performance (Sec. 3.8) and allows fine-tuning the493

entire model. Second, the absence of the Spin494

loss resulted in a roughly 5% increase in WERs,495

indicating the necessity of this loss for achieving 496

perturbation-invariant representations. Speaker per- 497

turbation also plays an important role in offering 498

good content representations according to the de- 499

graded WERs. Moreover, the fine-tuned model ex- 500

hibited suboptimal performance when trained with- 501

out noise, emphasizing the importance of noise- 502

invariant training for improving robustness. The 503

above findings collectively verify the necessity of 504

the proposed approaches. 505

We investigate the effect of choosing different 506

pseudo-labels for the auxiliary loss. First, acoustic 507

pieces are essential to the R-Spin training since 508

learning from the original Spin model’s codeword 509

labels increases WERs by over 2%. Next, we re- 510

place the pseudo-labels with the more commonly 511

used K-means clustered representations (Hsu et al., 512

2021a). Clustered MFCC features degrade R-Spin 513

the most, no matter the number of clusters used, 514

corroborating the findings by Hsu et al. (2021a). In 515

contrast, employing clustered HuBERT represen- 516

tations yields results comparable to Spin2048, and 517

the t-test suggests the disparities between pseudo- 518

labels are statistically insignificant. This suggests 519

that using clustered features from an SSL model is 520

a viable alternative when a pre-trained Spin model 521

is unavailable. For further insights, additional abla- 522

tion studies are available in Appendix B.1. 523

4 Conclusion 524

This paper proposes R-Spin, a self-supervised fine- 525

tuning method with speaker and noise-invariant 526

clustering for robust content representations. Re- 527

sults illustrate the efficacy and broad applicabil- 528

ity of R-Spin across various acoustic scenarios, 529

even within constrained computation budgets. The 530

acoustic analyses presented in this study offer in- 531

sights into the characteristics of discrete units of 532

this nature and strategies for their utilization. Fu- 533

ture directions involve scaling to larger models and 534

exploring its application in diverse downstream 535

tasks like robust voice conversion. 536

8



Limitations537

This paper faces four primary limitations due to538

constrained computation resources and available539

data. First, we consider background noises includ-540

ing human speech, music, and natural noises, and541

evaluate the proposed methods with similar noise542

types and reverberation, covering many real-world543

conditions. However, the trained models may en-544

counter challenges in processing more severely dis-545

torted audio data, such as air traffic control commu-546

nications. Second, the dataset employed consists547

of English utterances spoken by native speakers,548

predominantly of North American dialects, leaving549

the performance in other languages and accents550

unexplored. Third, the experiments are conducted551

on 95M parameters models, so the scalability of R-552

Spin remains unknown. Last, to fully comprehend553

the capabilities of the proposed method, further554

analyses and extensions to other applications are555

recommended for future exploration (Sicherman556

and Adi, 2023). These questions can be answered557

by experimenting with diverse datasets and more558

computation resources.559

Ethics Statement560

Our models inherit the biases of SSL models (Hu-561

BERT and WavLM) pre-trained on the LibriSpeech562

corpus. This corpus contains read English au-563

dio recordings derived from audiobooks. Limita-564

tions arise when confronted with accents and topic565

domains outside the corpus scope, potentially di-566

minishing the effectiveness of the proposed meth-567

ods. Thus, the direct application of our models568

to real-world scenarios may result in increased569

speech recognition error rates. These errors, if570

unaddressed, can propagate through downstream571

applications like natural language processing sys-572

tems, leading to potential risks for users, such as573

the misinterpretation of voice commands.574

References575

Alexei Baevski, Wei-Ning Hsu, Qiantong Xu, Arun576
Babu, Jiatao Gu, and Michael Auli. 2022. data2vec:577
A general framework for self-supervised learning in578
speech, vision and language. In ICML.579

Alexei Baevski, Yuhao Zhou, Abdelrahman Mohamed,580
and Michael Auli. 2020. wav2vec 2.0: A framework581
for self-supervised learning of speech representations.582
In NeurIPS.583

Saurabhchand Bhati, Jesús Villalba, Piotr Żelasko, Lau- 584
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A Implementation Details791

A.1 Speech SSL Models792

Each SSL model used in this paper has a 7-layer793

CNN feature extractor and a 12-layer transformer794

encoder (Vaswani et al., 2017), having roughly795

95M parameters in total. All SSL models are pre-796

trained with 960 hours of unlabeled speech in the797

LibriSpeech corpus. HuBERT (Hsu et al., 2021a)798

is pre-trained in two iterations. In the first iter-799

ation, the encoder model learns to predict each800

masked frame’s K-means cluster ID of MFCC fea-801

tures. The second iteration model has learning tar-802

gets obtained by clustering hidden representations803

of the first iteration model. WavLM (Chen et al.,804

2022) follows the second iteration of HuBERT, but805

the training process involves a denoising task by806

adding random noises to the input to increase ro-807

bustness. ContentVec (Qian et al., 2022) is fine-808

tuned on top of a pre-trained HuBERT model, but809

the inputs are augmented with speaker perturbation810

so that the model learns to produce representations811

invariant of the speaker. ContentVec’s learning812

targets are obtained by converting all LibriSpeech813

data into the same speaker with a voice conversion814

model and then applying K-means clustering to the815

hidden features of HuBERT, given the converted816

inputs. HuBERT-MGR (Huang et al., 2022a) con-817

tinues the HuBERT pre-training process with noisy818

speech and an auxiliary domain adversarial training819

objective to enhance robustness. HuBERT-MGR820

is trained with a mix of clean and distorted speech,821

where the distortions include MUSAN background822

noise, Gaussian noise, and reverberation. Robust823

data2vec (Zhu et al., 2023) fine-tunes a pre-trained824

data2vec model. Unlike data2vec, the inputs to the825

student model include background noise so that the826

model learns denoising. An additional contrastive827

learning objective is incorporated to enhance ro-828

bustness. The pre-trained model weights are ob-829

tained from the s3prl toolkit.8830

A.2 Spin831

Since R-Spin is trained with 960 hours of speech832

in LibriSpeech, the pseudo-labels for LAux should833

be generated for all those data with Spin. To avoid834

generating unseen data with Spin, we train an-835

other HuBERT + Spin2048 model with the same836

data (originally 100 hours in Chang et al. (2023)).837

Each mini-batch before data perturbation has 2560838

8https://github.com/s3prl/s3prl/tree/main/s3prl/upstream

seconds of speech, equivalent to 32k frames af- 839

ter downsampling. The learning rate first linearly 840

increases from 10−6 to 10−4 in the first 2.5k up- 841

dates, then linearly decreases to 10−6 in the last 842

7.5k updates. The implementation of the Spin loss 843

follows Caron et al. (2020).9 This model takes four 844

hours of training time on four RTX A6000 GPUs. 845

Models trained with all 10k updates are used to gen- 846

erate pseudo-labels. In total, roughly 7.1k hours 847

of unlabeled speech data are processed. Compared 848

with the model in Chang et al. (2023), a similar 849

performance is achieved on phoneme recognition. 850

A.3 R-Spin 851

Each mini-batch before perturbation has 384 sec- 852

onds of speech, equivalent to 19.2k frames in each 853

view. All input utterances are added with random 854

noise data from MUSAN and CHiME-4 with an 855

SNR between −10 and 10dB. The learning rate 856

first linearly increases from 10−6 to 10−4 in the 857

first 4k updates, then linearly decreases to 10−6 in 858

the last 6k updates. λ in Eq. 3 is set to 5. Each 859

R-Spin SSFT training takes less than eight hours 860

on two RTX A6000 GPUs. Models trained with 861

all 10k updates are used for evaluation. For the R- 862

Spin training, 1.1k hours of unlabeled speech data 863

are processed. Combined with the Spin training in 864

Appendix A.2, 8.2k hours of data are used during 865

SSFT. 866

A.4 Low-budget Robust data2vec 867

We follow the implementation of Zhu et al. (2023) 868

with fairseq (Ott et al., 2019).10 We changed the 869

training data from CHiME-4 to LibriSpeech for 870

a fair comparison with our method. Because we 871

found a long training schedule is necessary for Ro- 872

bust data2vec converge, the number of updates is 873

the same as the original implementation (100k). 874

Meanwhile, the mini-batch size is reduced from 875

63 to 6.25 minutes so that the amount of speech 876

data processed is similar to R-Spin. The rest of the 877

hyperparameters remain the same since we found 878

the original ones are sufficiently good. As shown in 879

Table 1, the low-budget Robust data2vec model has 880

a significant performance degradation compared 881

with the fully-trained version, implying the neces- 882

sity to train this model with a large batch size. Con- 883

trarily, R-Spin achieves superior results under the 884

same budget, indicating that our approach is more 885

data-efficient. 886

9https://github.com/facebookresearch/swav
10https://github.com/zqs01/data2vecnoisy
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A.5 Phoneme Recognition887

We follow the setup in SUPERB (Yang et al., 2021),888

which freezes each SSL model and uses a set of889

learnable weights to weighted-sum hidden features890

of all layers. The aggregated frame-wise features891

are fed into a lightweight linear prediction head892

to perform downstream tasks. Only the predic-893

tion head and the weighted-sum mechanism are894

fine-tuned with clean and labeled speech data to895

reveal the capabilities of SSL models. The Lib-896

riSpeech train-clean-100 and the test-other subsets897

are used as the training and evaluation datasets,898

respectively. The lightweight prediction head is899

a fully connected layer, projecting hidden repre-900

sentations directly to phoneme labels. Unlike the901

SUPERB setup, the learning rate is 5 × 10−4 (orig-902

inally 10−2), and the number of training updates903

is 30k (originally 100k). Moreover, the noise and904

perturbation data sources are listed as follows.905

1. Gaussian Noise: The Gaussian noises are906

generated with the PyTorch Library.907

2. Background Noise: The background noises908

are sampled from the MUSAN dataset.909

3. Reverberation: We filter waveforms with real910

and simulated impulse responses in RIRS (Ko911

et al., 2017).11 The scores for the real and912

simulated reverberation are averaged.913

A.6 CHiME-4 ASR914

We follow the ASR task of SUPERB, but the915

prediction heads (two-layer BLSTM) are trained916

with the clean portion of the CHiME-4 speech917

corpus obtained from the WSJ0 corpus (Paul and918

Baker, 1992), consisting of 14 hours of clean En-919

glish speech. The number of training updates is920

100k (originally 200k). The trained ASR models921

are evaluated on the 1-channel track of the CHiME-922

4 challenge. We report the averaged WERs over923

each subset (real and simulated data). We apply924

Whisper normalization to all ASR results for a fair925

comparison with the Whisper toplines.12926

A.7 Acoustic Pieces927

We implemented the BPE algorithm in Python. The928

AP vocabulary sizes vs. the actual APs used are929

shown in Fig. 8. Since some merging operations930

in BPE replace previous vocabularies with new931

ones, the actual number of used vocabularies in932

the encoded LibriSpeech corpus is smaller than933

11Released under Apache 2.0
12https://github.com/openai/whisper

2k 5k 10k 20k 40k
Acoustic Piece Vocab Size in LAux

2k

5k

10k

20k

A
ct

ua
lA

co
us

tic
P

ie
ce

s
U

se
d

Figure 8: AP size vs. actual vocabularies used.

the APs. Thus, the number of classes in the linear 934

prediction head for LAux is adjusted accordingly. 935

E.g., the prediction head’s output for R-Spin32, 40k 936

is 19857 instead of 40000. 937

B Additional Experiments 938

B.1 Ablation Studies 939

We report more ablation studies in Table 3 to 940

demonstrate the effectiveness of R-Spin. 941

B.1.1 Hyperparameters 942

Here, we change the value of λ in Eq. 3 to analyze 943

the impact of the auxiliary loss. The differences of 944

ASR WERs between different λ’s are negligible. 945

Considering the results in Table 2, we can conclude 946

that combining LSpin and LAux is necessary and the 947

ratio between the two objectives is robust. 948

B.1.2 Layer to Apply LAux 949

After moving LAux to lower layers, the perfor- 950

mance degrades significantly, showing that this loss 951

should regularize the entire model. Otherwise, the 952

Spin loss still makes the representations collapse. 953

B.1.3 Layer to Apply LSpin 954

Moving the Spin objective function to lower layers, 955

the ASR performance slightly degrades. With the 956

results in the previous section, we conclude that a 957

good strategy for applying the two proposed loss 958

functions is adding both to the top layer. 959

B.1.4 Number of Fine-tuned Layers 960

The results of varying the number of fine-tuned 961

layers indicate that the model cannot adapt to noisy 962

scenarios by fine-tuning only the top layers. Thus, 963

our approach is beneficial since we can now fine- 964

tune the entire model in contrast to Spin. 965
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0 1 2 3 4 5 6 7 8 9 10 11 12
layer

HuBERT

HuBERT + Spin

HuBERT + R-Spin

WavLM

WavLM + Spin

WavLM + R-Spin

0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.01 0.06 0.13 0.36 0.40 0.01

0.02 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.03 0.13 0.23 0.43 0.14

0.01 0.00 0.00 0.00 0.00 0.01 0.01 0.01 0.03 0.10 0.31 0.41 0.10

0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.02 0.04 0.10 0.22 0.52 0.04

0.03 0.00 0.00 0.00 0.00 0.01 0.01 0.01 0.02 0.08 0.16 0.37 0.30

0.02 0.00 0.00 0.00 0.00 0.01 0.01 0.03 0.03 0.08 0.22 0.45 0.15

(a) Phoneme Recognition

0 1 2 3 4 5 6 7 8 9 10 11 12
layer

HuBERT

HuBERT + Spin

HuBERT + R-Spin

WavLM

WavLM + Spin

WavLM + R-Spin

0.01 0.01 0.01 0.01 0.01 0.01 0.02 0.08 0.20 0.26 0.33 0.04 0.01

0.06 0.01 0.01 0.01 0.01 0.01 0.02 0.08 0.18 0.24 0.30 0.06 0.02

0.05 0.01 0.01 0.01 0.01 0.01 0.02 0.09 0.19 0.21 0.18 0.04 0.16

0.02 0.01 0.01 0.02 0.01 0.02 0.05 0.04 0.08 0.20 0.34 0.18 0.04

0.17 0.02 0.03 0.03 0.03 0.03 0.04 0.05 0.07 0.12 0.16 0.13 0.12

0.10 0.01 0.01 0.01 0.01 0.01 0.03 0.03 0.07 0.12 0.22 0.10 0.27

(b) Automatic Speech Recognition

Figure 9: Normalized weights of the weighted sum mechanism in the SUPERB PR and ASR.

CHiME-4
Method Real Sim

Spin2048 (Chang et al., 2023) 52.1 46.6
R-Spin32, BPE40k 26.4 26.6

Hyperparameters
λ = 1 26.3 27.7
λ = 0.5 26.6 27.3

Layer to Apply LAux
Layer 11 28.1 28.8
Layer 10 34.7 33.8

Layer to Apply LSpin
Layer 11 27.2 27.9
Layer 10 27.0 27.8

Fine-tuned Layers
Top 10 Layers 29.7 30.0
Top 6 Layers 39.4 37.5

Dataset
LibriSpeech 100h 27.2 27.6
LibriSpeech 360h 26.6 27.6

Noise SNR Range
0 – 20dB 29.0 28.6

Table 3: CHiME-4 ASR results for additional ablation
studies based on fine-tuned WavLM models.

B.1.5 Data966

We found WERs degrade slightly (LibriSpeech 960967

→ 360 → 100 hours) when the training corpus size968

is reduced. The ASR performance degrades promi-969

nently by increasing the SNRs of the background970

noise for the noise-invariant training. Hence, the971

choice of noise data and SNRs has a greater impact972

on the downstream performance than the choice of973

the clean speech corpus.974

B.2 Importance of Hidden Representations975

To better understand the importance of each layer’s976

representation for phoneme and speech recognition,977

we plot the weights in the weighted sum mecha-978

nism in the models trained for these tasks. The979

weights are originally a probability distribution 980

over all hidden layers (including the CNN feature 981

extractor). The representations from each layer 982

are then weighted and summed with these weights. 983

However, the scale of the representations differs 984

from layer to layer. Suppose the weight of a layer 985

is very small, but the norm of the corresponding 986

hidden vectors is large. In that case, the represen- 987

tations from that layer still contribute significantly 988

to the downstream prediction head. Consequently, 989

we normalize each weight by multiplying with the 990

averaged L2 norm of the corresponding layer’s rep- 991

resentations, which can be written as 992

ŵl = wl · E
[∥∥∥h(l)

∥∥∥
2

]
, 993

where wl is the unnormalized weight of layer l, h(l) 994

is the hidden representation produced by layer l, 995

and E is the expectation over all samples from the 996

LibriSpeech dev-clean and dev-other sets (Chang 997

et al., 2022). Next, the new set of weights ŵl is 998

normalized to sum to one. The results are shown 999

in Fig. 9. 1000

Although the last layer of R-Spin has the least 1001

speaker and noise information, the second last layer 1002

offers the best phoneme representations. Still, the 1003

downstream prediction head for this task focuses 1004

more on the last layer of Spin and R-Spin than the 1005

models without SSFT, indicating the effectiveness 1006

of the perturbation-invariant objectives. In con- 1007

trast, the best layers for ASR are shifted from the 1008

ninth and tenth layers toward the last layer when 1009

R-Spin is applied. 1010

B.3 Speaker Identification 1011

This section inspects each model’s invariability to 1012

speaker changes by computing the speaker identifi- 1013

cation (SID) accuracy with different hidden layer 1014

representations. The SID task follows SUPERB’s 1015

setup but with 50k training updates. As shown in 1016

Fig. 10, R-Spin has significantly lower SID accu- 1017

racy for the top layers, demonstrating the effect 1018

14



Method Precision↑ Recall↑ F1↑ OS→0 R-val↑
Baseline
Oracle Uniform 56.49 62.99 59.56 11.50 63.47

Unsupervised
CPC (Kreuk et al., 2020) 83.89 83.55 83.71 86.02
SCPC (Bhati et al., 2021) 84.63 86.04 85.33 87.44
HuBERT readout (Strgar and Harwath, 2022) 90.98 88.48 89.71 90.98

Spin Codebook
HuBERT + Spin128 (Chang et al., 2023) 64.76 87.87 74.56 35.69 64.25
HuBERT + Spin256 (Chang et al., 2023) 61.71 90.84 73.49 47.22 56.02
HuBERT + Spin512 (Chang et al., 2023) 60.78 95.46 74.27 57.07 49.60
HuBERT + Spin1024 (Chang et al., 2023) 59.93 97.95 74.36 63.44 45.11
HuBERT + Spin2048 (Chang et al., 2023) 58.58 99.46 73.73 69.77 40.26
HuBERT + Spin2048 (for AP) 61.31 96.87 75.09 58.00 49.34
HuBERT + R-Spin32, AP40k 64.73 71.47 67.93 10.41 71.05
WavLM + R-Spin16, AP40k 60.73 68.22 64.26 12.32 67.36
WavLM + R-Spin32, AP40k 65.12 73.76 69.17 13.28 71.33
WavLM + R-Spin64, AP40k 63.02 73.63 67.91 16.83 69.08
WavLM + R-Spin128, AP40k 61.44 72.42 66.48 17.88 67.49
WavLM + R-Spin256, AP40k 60.80 78.61 68.57 29.28 63.95
WavLM + R-Spin512, AP40k 59.66 82.94 69.40 39.01 58.89
WavLM + R-Spin1024, AP40k 59.03 89.09 71.01 50.94 52.09
WavLM + R-Spin2048, AP40k 58.47 94.19 72.15 61.08 45.67

Acoustic Pieces
HuBERT + Spin2048 AP5k 60.80 71.64 65.77 17.83 66.92
HuBERT + Spin2048 AP10k 61.37 68.51 64.74 11.64 67.97
HuBERT + Spin2048 AP20k 61.76 68.74 65.06 11.29 68.34
HuBERT + Spin2048 AP40k 62.10 68.54 65.16 10.37 68.65

Table 4: Unsupervised phoneme segmentation on TIMIT test set. OS and R-val respectively denote the over-
segmentation rate and R-value (Räsänen et al., 2009). Oracle uniform is a segmentation method by splitting speech
into equal-length segments given the ground truth number of phoneme boundaries. Unknown results are left blank.
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Figure 10: Layer-wise speaker identification accuracy.

of fine-tuning the whole model with a speaker- 1019

invariant objective. Moreover, requiring 9X less 1020

training costs, our method produces representations 1021

with less speaker information than ContentVec. 1022

Therefore, the proposed method outperforms prior 1023

speaker-invariant training approaches in removing 1024

speaker ID. 1025

B.4 Unsupervised Phoneme Segmentation 1026

This section inspects the phoneme segmentation 1027

capability of the proposed methods. As shown 1028

in Table 4, segmenting speech with Spin code- 1029

book or acoustic pieces is inferior to prior methods 1030

specifically designed for phoneme segmentation 1031

because no explicit constraints are added to encour- 1032

age phoneme boundary detection. Still, some R- 1033

Spin discrete units like R-Spin32, AP40k surpass the 1034

oracle uniform baseline, indicating that the discrete 1035

unit boundaries are close to phoneme boundaries. 1036
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Batch
Size

(minutes)

Processed
Speech
(hours)

GPU
Hours

Open
ModelModel Init Updates #GPUs

SSL (Clean Speech)
wav2vec 2.0 (Baevski et al., 2020) – 400k 96 640k 64 2458 !

HuBERT (Hsu et al., 2021a) – 250k + 400k 47 505k 32 1976 !

WavLM (Chen et al., 2022) – 250k + 400k 187 1439k 32 !

data2vec (Baevski et al., 2022) – 400k 63 420k 16 !

DinoSR (Liu et al., 2023) – 400k 63 420k 16 2880 %

SSL (Noisy Speech)
wav2vec-Switch (Wang et al., 2022) – 400k 96 640k 32 %

SPIRAL (Huang et al., 2022b) – 200k 100 333k 16 499 !

SSFT
ContentVec (Qian et al., 2022) HuBERT 100k 46 76k 36 684 !

HuBERT-MGR (Huang et al., 2022a) HuBERT 400k 12 78k 8 768 !

Robust data2vec (Zhu et al., 2023) data2vec 100k 63 105k 16 !

deHuBERT (Ng et al., 2023) HuBERT 250k %

Spin2048 (Chang et al., 2023) HuBERT 5k 43 0.4k 1 1 !

This Paper
Robust data2vec (low budget) data2vec 100k 6.3 10.4k 2 44 △
Spin2048 (for AP40k) HuBERT 10k 43 7.1k 2 8 △
R-Spin32, AP40k HuBERT 10k 6.4 1.1k 2 16 △

Table 5: SSL and SSFT costs of models with 95M parameters. The “Init” column shows the pre-trained models used
for initialization. △ denotes models in this paper, which will be made publicly available in the near future. Note
that the duplicated input utterances by data augmentation are not included when calculating the hours of speech
processed. The number of GPU hours required for training is roughly estimated so that the true values might differ
slightly. The availability of the models listed is updated in November 2023. Unknown data are left blank.

Task Updates Hours GPU

(A.2) Spin 10k 4 A6000×2
(A.3) R-Spin 10k 8 A6000×2
(A.4) Robust data2vec 100k 22 A6000×2
(A.5) SUPERB PR 30k 10 2080 Ti
(A.6) SUPERB ASR 100k 20 A5000
(B.3) SUPERB SID 50k 4 A6000

Table 6: Computation resources used in the experiments.

C Computation Resources1037

The costs of self-supervised pre-training and fine-1038

tuning of various models are shown in Table 5. The1039

required computation resources for each training1040

task in this paper are listed in Table 6. Note that all1041

results in this paper are obtained with a single run.1042

D t-SNE of Hidden Representations1043

We plot more t-SNE visualization of hidden repre-1044

sentations in Figs. 11, 12, 13, 14, 15, and 16 for1045

reference.1046
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Figure 11: t-SNE visualization of three speakers with different English dialects (see Fig. 3 for details).
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Figure 12: t-SNE visualization of eight speakers with different English dialects (see Fig. 3 for details).
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Figure 13: t-SNE visualization of HuBERT representations of the same utterance spoken by three speakers (see
Fig. 3 for details).
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Figure 14: t-SNE visualization of HuBERT + R-Spin representations of the same utterance spoken by three
speakers (see Fig. 3 for details).
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(l) Layer 12

Figure 15: t-SNE visualization of HuBERT representations of the same utterance under different distortions (see
Fig. 5 for details).
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Figure 16: t-SNE visualization of HuBERT + R-Spin representations of the same utterance under different
distortions (see Fig. 5 for details).
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