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Abstract001

Self-supervised speech models (S3Ms) often002
achieve high accuracy on phonological probing003
tasks; however, this accuracy may not accu-004
rately reflect the acquisition of grammatical005
processes. In this paper, we present an interpre-006
tive analysis of wav2vec2.0’s representations007
using Assamese Advanced Tongue Root (ATR)008
vowel harmony as a case study. Instead of treat-009
ing probing accuracy as evidence of rule learn-010
ing, we combine layerwise probing with a set011
of masking-based tests designed to distinguish012
between global feature agreement and structure-013
phonological computation. Comparing two014
multilingual wav2vec2.0 variants, we show that015
ATR features are linearly decodable in the in-016
termediate layers (peaking at ∼80% accuracy)017
and that models successfully encode within-018
word feature agreement and sensitivity to an019
opaque vowel (demonstrating strong blocking020
effects with ∼30% accuracy drop). At the021
same time, these representations provide lim-022
ited evidence for rule-governed properties, such023
as directionality and trigger specificity. This024
raises an important interpretability question:025
do models pass individual phonological tests026
without implementing a systematic generative027
process? Our overall observations demonstrate028
that high probing accuracy and task-specific029
masking tests can sometimes overstate gram-030
matical competence. We argue that phonologi-031
cal processes provide a valuable benchmark for032
interpretability methods, highlighting the im-033
portance of evaluating constraint interactions034
rather than isolating properties when analyzing035
neural speech models.036

1 Introduction037

Self-supervised speech models (S3M) have038

achieved remarkable success in uncovering linguis-039

tic representations from raw audio data (Jaiswal040

et al., 2020; Manning et al., 2020; Baevski et al.,041

2020; Hsu et al., 2021; Chen et al., 2022). Trained042

on large unlabeled datasets, these models develop043

internal layers that often correlate with phonetic 044

and phonological features, such as phoneme iden- 045

tity and manner of articulation (English et al., 2022, 046

2023). However, high classification accuracy on 047

a phonological contrast does not guarantee that a 048

model has learned the grammatical rules control- 049

ling the contrast. The present research, therefore, 050

emphasizes the central question of explainability in 051

neural speech models: what do these models learn 052

to utilize the features they encode? 053

To address this, we use vowel harmony as a 054

benchmark for evaluating grammatical competence 055

in S3Ms. Unlike local processes such as assim- 056

ilation or aspiration, which can be learned from 057

adjacent segment co-occurrences, vowel harmony 058

poses sensitivity to multiple interacting constraints, 059

such as, directionality, trigger specificity, opacity, 060

and iterativity. A model that has truly learned har- 061

mony must encode all of these rules; success on 062

one constraint would not guarantee success on oth- 063

ers. Assamese, an Indo-Aryan language spoken 064

by approximately 15 million native speakers in the 065

Northeastern region of India, shows an interesting 066

case of long-distance harmony whereby (i) a right- 067

most [+high,+ATR] vowel triggers harmony on all 068

preceding [-high, -ATR] vowels, (ii) the [+low, - 069

ATR] vowel /A/ blocks the spreading, and (iii) har- 070

mony applies iteratively, spanning multiple sylla- 071

bles (Mahanta, 2007, 2008). 072

We use the wav2vec2-large-xlsr-53 (Conneau 073

et al., 2021) and wav2vec2-xls-r-300m (Babu et al., 074

2022) models as frozen feature extractors and com- 075

bine layerwise probing with an array of process- 076

level tests. Our goal is to determine whether the 077

model learns ATR harmony as a grammatical pro- 078

cess or merely as featural co-occurrences. Under- 079

standing how and where the ATR-related features 080

are internally encoded is also expected to inform 081

us about how to use these self-supervised speech 082

models for downstream tasks in language. We ask 083

two questions through our work: 084
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• RQ1: Where in the model’s layers is ATR085

information encoded, and do the two models086

differ in their encoding hierarchy?087

• RQ2: Does the model learn phonological088

properties of ATR harmony, such as feature089

agreement, directionality, opacity, and long-090

distance spreading, or does it only encode sta-091

tistical feature co-occurrence?092

We compare two multilingual wav2vec2 mod-093

els: large-xlsr-53 (pretrained on 53 languages) and094

xls-r-300m (pretrained on 128 languages). Both095

have similar architectures (∼300M parameters)096

and include Indo-Aryan languages such as Bengali097

in their pretraining data, enabling cross-linguistic098

transfer to Assamese. Comparing these models099

tests whether increased multilingual exposure im-100

proves grammatical learning of harmony. If both101

models exhibit similar limitations in capturing102

ATR harmony rules, this suggests that the issue103

is architectural or objective-based rather than data-104

related, which has implications for the design of105

self-supervised speech models.106

Our findings reveal that both models achieve107

peak ATR classification in mid-layers (L12 for xlsr-108

53, L16 for xls-r-300m), reaching ∼ 80% accu-109

racy for both models, but differ in layerwise en-110

coding patterns. Our process-level tests show that111

both models successfully encode ATR harmony as112

a global feature agreement and recognize /A/ as113

an opaque vowel that blocks harmony. However,114

both exhibit only weak directional bias of ∼5%115

and show no distance decay in harmony spreading.116

These results suggest that the S3M treats harmony117

as a global feature co-occurrence rather than di-118

rectional spreading, preferring some grammatical119

constraints governing vowel harmony while miss-120

ing others.121

2 Related Work122

Early works on wav2vec2 demonstrated that con-123

trastive predictive coding over masked speech seg-124

ments yields representations that capture both lo-125

cal acoustic structure and higher-level linguistic126

information (Baevski et al., 2020; Conneau et al.,127

2021). The xlsr-53 model, pretrained on a multi-128

lingual dataset, enhances phone recognition and129

cross-linguistic generalization, particularly for low-130

resource languages (Conneau et al., 2021).131

Subsequent studies on layerwise representa-132

tions of the self-supervised models have indicated133

the development of a representational hierarchy. 134

Pasad et al. (2021, 2024) used Projection-weighted 135

Canonical Correlation Analysis (PWCCA) to re- 136

port that intermediate layers of the S3M best 137

encode phonetic and phonological information, 138

with early layers encoding spectral properties and 139

deeper layers more abstract features. English et al. 140

(2022, 2023) further strengthened this observation 141

by demonstrating that phonological feature decod- 142

ing (e.g., voicing, place, nasality) peaks at the mid- 143

dle layers. English et al. (2024) extended the earlier 144

study on transition regions and coarticulation do- 145

mains to demonstrate that S3M representations ef- 146

fectively capture context-sensitive phonetic details. 147

Related studies have analyzed segmental proper- 148

ties, such as aspiration (Martin et al., 2023), vowel 149

front-back distinctions (Cristofaro et al., 2025), and 150

emergent morphophonological patterns (Gauthier 151

et al., 2025), consistently observing that these fea- 152

tures are linearly separable in the intermediate rep- 153

resentations. 154

Evidence from research that asked whether these 155

representations support process-level knowledge 156

(sensitivity to context-informed alternations) is 157

mixed. Choi et al.’s (2024) observations comparing 158

various S3Ms revealed that their layerwise repre- 159

sentations encode phonetic information more ro- 160

bustly than semantic information. English et al. 161

(2024) pointed out their ability to learn coarticula- 162

tion and assimilation as statistical tendencies rather 163

than explicit, context-conditioned rules. Gauthier 164

et al. (2025) examined English plural allomorphs 165

and demonstrated that these models encode the rel- 166

evant distinctions as a distributed geometric struc- 167

ture but exhibit limited rule-like generalization to 168

novel forms. These findings encourage us to look 169

at a broader perspective: when an S3M achieves 170

high accuracy in predicting a phonological contrast, 171

does it account for the underlying grammatical con- 172

straints or rely solely on the surface distribution? 173

Vowel harmony, however, remains relatively un- 174

derstudied in the context of S3M interpretability. 175

Earlier literature primarily evaluated segment-level 176

phonetic features and local coarticulatory patterns 177

without testing whether models exhibit rule-like 178

behavior characteristics. (Gopinath and Rodriguez, 179

2024) recently probed whether Turkish-trained and 180

English-trained models encode vowel harmony dif- 181

ferently and observed little difference in attention 182

patterns despite Turkish’s long-distance harmony. 183

This finding, along with the existing gap in the lit- 184

erature, further motivates us to investigate whether 185
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S3Ms capture harmony as a grammatical process186

or merely as statistical patterns.187

3 Experimental Setup188

3.1 Dataset189

Speech data were collected from 14 native As-190

samese speakers (6 males, 8 females, ages 19−35)191

in a soundproof booth. All participants were native192

speakers of the Upper Assam variety of colloquial193

Assamese and had no reported history of speech194

or hearing disorders. Recordings were made us-195

ing a Tascam DR-100 MKII digital recorder at a196

sampling rate of 48 kHz with 16-bit resolution.197

The elicitation materials consisted of 82 unique As-198

samese words (40 displaying harmonic alternations,199

42 showing no harmony) embedded in the carrier200

phrase moi X buli kolu (‘I say X’). Each speaker201

produced each target word at least four times, yield-202

ing approximately 4, 920 potential tokens.203

Stem suffix Surface Harmony
type

dilE -i dilei harmonized
nokorilE -u nokorileu harmonized
gOrOm -O gOrOmOt harmonized
bEpAr -i bEpAri bare (harmony

blocked by /A/)

Table 1: Example words from the created dataset show-
ing harmonized and bare word types in the Assamese
language.

Each of the 82 words was manually labelled204

as harmonized (all vowels share the same ATR205

feature) or bare (mixed ATR features) based on the206

established phonological descriptions of Assamese207

(Mahanta, 2007, 2008, 2012). Individual vowels208

were given ATR labels ([+ATR] or [-ATR]) using209

a manually created dictionary mapping each word210

to its respective IPA transcription. All recordings211

were downsampled to 16 kHz mono-channel for212

subsequent data analysis. After excluding tokens213

with recording errors and background noise, our214

final dataset contained spoken audio recordings215

of 4789 word tokens (harmonized:2928,bare:1861)216

comprising 15451 vowel tokens ([+ATR]: 9647, [-217

ATR]: 5804). See Table 1 for a few example words218

from the dataset.219

3.2 Embedding extraction from Pretrained 220

Models 221

For our experiment, we used the pre-trained 222

wav2vec2 models ((Conneau et al., 2021; Babu 223

et al., 2022)): wav2vec2-xlsr-53 and wav2vec2-xls- 224

r-300m. The models’ weights are kept frozen; we 225

do not fine-tune them for our task to ensure the 226

encoded information is a result of the pretraining. 227

Both models consist of a feature encoder layer and 228

24 transformer layers. We forward-pass the wave- 229

form corresponding to each through the models and 230

extract layerwise embeddings for each of the trans- 231

former layers. To extract word-level representa- 232

tions, we employed mean word pooling across the 233

temporal dimension of the waveform correspond- 234

ing to the whole word (Pasad et al., 2021, 2024). 235

Thus, for each input word token instance, we obtain 236

a 1024-dimensional vector per word for each of the 237

24 layers, from each of the models. For vowel- 238

level analysis, we detect vowel boundaries using 239

an energy-based algorithm and extract per-vowel 240

representations by mean-pooling hidden states over 241

each vowel’s time span. Detected boundaries were 242

further validated against expected vowel counts 243

from the phonetic transcriptions. These extracted 244

representations enable us to analyze where in the 245

network the ATR information is most prevalent. 246

3.3 Probing the Models for ATR Classification 247

We set up a probing task to assess which layer 248

performs the best in classifying the ATR feature 249

in both models. To test the linear separability of 250

the ATR feature in the embedding space of each 251

layer, we fit a logistic regression classifier to the 252

extracted embeddings from both models. For word- 253

level probing, the binary classifier has to classify 254

the 1024-dimensional embedding vector into har- 255

monized vs bare. We performed 5-fold GroupK- 256

Fold cross-validation with root words as groups to 257

ensure that all tokens of a given word (lexical) item 258

appear in either the train or the test split but not 259

both. This evaluates the generalization across lex- 260

ical items rather than memorizing specific words. 261

Our evaluation metrics include classification accu- 262

racy and the macro-F1 score. Accuracy is reported 263

on the held-out folds, and we aggregate the results 264

to obtain the mean accuracy and standard deviation 265

for each layer’s probe. 266

For vowel-level probing, the same logistic re- 267

gression classifier predicts ATR category ([+ATR] 268

or [-ATR]) for individual vowels with GroupK- 269
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Fold cross-validation. By comparing the logistic270

regression results, we can identify which model271

performs better and where in its layers the perfor-272

mance peaks. We assume that if a specific layer’s273

representation effectively separates ATR harmony274

categories, the classifier will achieve high accu-275

racy; otherwise, accuracy will be near or below276

the chance level (∼50%). Thus, the probing task277

quantifies the encoding capacity of each layer’s278

embedding for ATR distinction.279

3.4 Phonological Process Learning Testing of280

ATR Harmony281

So far, we have tested where and how strongly ATR-282

related features emerge inside the model. Now,283

we probe the representations further to examine284

whether the model learns phonological aspects of285

advanced tongue root vowel harmony or if the re-286

sults reflect an instance of featural co-occurrence.287

For this, we combined layerwise probing with di-288

rectional and contextual manipulation. We tested289

directionality, trigger specificity, opacity, and long-290

distance harmony learning. We extract vowel-level291

representations and train a logistic regression probe292

on each of the 24 transformer layers. The probe was293

tasked with predicting the ATR category of a target294

vowel using only contextual representations from295

its neighboring vowels, while the target’s own rep-296

resentations were masked. This classification task297

helped us identify the best-performing layer: L12298

for xlsr-53 and L16 for xls-r-300m (both reached299

93.3% accuracy in contextual ATR prediction)),300

and its representations were used for the process-301

learning tests. 1302

3.4.1 Cross-vowel Masking Test for Feature303

Agreement304

We conducted the cross-vowel masking test to de-305

termine whether the model could assign the same306

ATR categories to all vowels within a word. Our307

masking algorithm iterated through each word to-308

ken, masked one vowel at a time (replacing it with309

zeros), and attempted to predict its ATR category310

based on the representations of remaining vowels.311

We set three metrics to measure the success of the312

masking experiment. One of them was the above-313

mentioned cross-vowel prediction test. Secondly,314

we measured internal consistency by checking if315

1Although the word-level harmony classifier and the con-
textual ATR classifier peak at the same layer in our data, they
are distinct tasks. We selected layers for process testing only
based on the contextual probe.

all predicted vowels within a word shared the same 316

ATR value. Word-level agreement, the third metric, 317

was calculated by comparing this consistently pre- 318

dicted ATR category to the ground-truth ATR label 319

of the entire word. High accuracy indicates the 320

model has learned within-word ATR dependencies. 321

3.4.2 Asymmetric Masking Test for 322

Directionality 323

Assamese harmony is regressive: rightmost 324

[+ATR] vowels trigger harmony on preceding vow- 325

els. The asymmetric masking test investigates 326

which direction the model prefers when predict- 327

ing harmony. According to simple masking test 328

predictions, masking the rightmost context should 329

block the left vowel’s ATR category prediction, 330

while masking the left context should block the 331

right vowel’s ATR feature prediction. If the model 332

learned regressive harmony, it should fail to predict 333

the leftward vowels’ ATR if the rightmost context 334

is blocked. To test which directionality is preferred, 335

we employed two types of masking tests on the 336

representations of the best-performing layer. 337

L-from-R Prediction (regressive directionality): 338

This task is designed to predict the ATR feature 339

of the left vowel from the right context. For each 340

target vowel, we mask its own representation and 341

predict its ATR class (+ATR/-ATR) based on the 342

embeddings of vowels to its right, including the 343

rightmost potential trigger. If the model encodes 344

regressive harmony, the right context should carry 345

sufficient information to predict the left vowels’ 346

ATR features. 347

R-from-L Prediction (progressive directional- 348

ity): This task predicts the ATR feature of the 349

right vowel from the left context. The leftmost 350

vowels’ embeddings are masked, and the ATR fea- 351

ture of the rightward vowels must be predicted. 352

This test determines whether the left context con- 353

veys harmony information, indicating progressive 354

harmony. 355

For each word token, we computed prediction 356

accuracy in both prediction tests We report direc- 357

tional bias, defined as the mean difference between 358

the accuracy of predicting left-from-right and right- 359

from-left contexts A positive value will indicate 360

a preference for regressive harmony We also per- 361

formed a paired t-test to assess the accuracy dif- 362

ference It is important to note that we ensure that 363

the model compares the predicted ATR value with 364

the ground-truth ATR labels for the target vowels 365
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Therefore, the asymmetric masking test thoroughly366

examines whether context alone carries the har-367

mony signal and which direction is preferred.368

3.4.3 Trigger Specificity Test369

In Assamese, [+high, +ATR] vowels function as370

harmony triggers To test whether the model differ-371

entiates trigger types, we split the word tokens by372

the ATR feature of the rightmost vowel As a result,373

we got two sets of candidates: one set with right-374

most [+ATR] vowels and another with rightmost375

[-ATR] vowels For each word, we computed pre-376

diction accuracy in both regressive and progressive377

directions and evaluated them against the ground-378

truth ATR labels of the targets We compare regres-379

sive prediction accuracy between two groups High380

accuracy for [+ATR] triggers would indicate the381

model has rightly identified the trigger vowels of382

Assamese ATR harmony.383

3.4.4 Opacity Test384

The low vowel /A/ blocks harmony spreading in As-385

samese: a [+ATR] trigger cannot harmonize vow-386

els across an intervening /A/ except for [-uwA] or387

[-ijA] suffixes. To test whether the models encode388

the harmony blocking constraint, we evaluate the389

ATR prediction accuracy across two conditions:390

the blocked condition, where the trigger and the391

target vowels are separated by /A/ (e.g., V1 and V3392

when V2 = /A/, and the unblocked condition, where393

the target and trigger vowels are either adjacent or394

separated by a non-/A/ vowel. An agreement is de-395

fined as both vowels receiving the same predicted396

ATR. If the model shows opacity-sensitive patterns,397

agreement should be significantly lower in blocked398

contexts.399

3.4.5 Distance Decay Test400

We conducted the distance-decay analysis to ex-401

amine whether harmony strength weakens as the402

distance between the trigger and the target vowel403

increases. We expect that prediction accuracy and404

confidence should gradually decrease at greater dis-405

tances from the trigger. For three or more vowels406

(n = 3788), we defined distance as the number of in-407

tervening vowels between the trigger and the target.408

For example, we assigned distance=1 for adjacent409

vowels, 2 for one intervening vowel, and so on.410

From the identified peak-layer representations, the411

ATR feature of each target vowel is predicted. We412

report mean prediction accuracy and classifier con-413

fidence at each distance to measure the distance414

decay. We also computed Pearson’s |r| to test lin- 415

ear distance effects, excluding the distance of 5 416

(n = 30) due to an insufficient sample size. We 417

expect that a model encoding long-distance iter- 418

ative harmony spreading should show decreasing 419

accuracy with distance. We also examined inter- 420

nal consistency (the frequency of words where all 421

vowels received identical ATR predictions) across 422

2-vowel, 3-vowel, and 4+-vowel words to assess 423

word-level coherence. 424

4 Findings 425

We present the results around two questions: 426

(a) where ATR information is encoded, and (b) 427

whether this encoding reflects grammatical rule 428

learning or statistical co-occurrence. 429

4.1 Layerwise Probing Analysis 430

We evaluated ATR encoding across all 24 trans- 431

former layers using logistic regression probes. Fig- 432

ure 1 shows classification performance for both 433

models. 434

For xlsr-53, ATR classification improved 435

steadily through lower and mid layers, peaking at 436

Layer 12 with accuracy of 0.811±0.083, macro-F1 437

of 0.787±0.081, and ROC-AUC of 0.891±0.072. 438

Performance declined in deeper layers, suggest- 439

ing that ATR-relevant information becomes less 440

linearly separable as representations encode higher- 441

level structure. xls-r-300m showed a similar but 442

more distributed pattern. Classification accuracy 443

peaked at Layer 16 (0.804± 0.079, F1 = 0.781± 444

0.077, AUC = 0.898±0.068), though performance 445

remained high across Layers 11–19. The broader 446

peak suggests that xls-r-300m distributes ATR in- 447

formation across more layers than xlsr-53. 448

Having established that ATR information is en- 449

coded, we tested whether the models learn the 450

grammatical constraints governing harmony. All 451

process tests utilized Layer 12 representations for 452

xlsr-53 and Layer 16 for xls-r-300m, as these layers 453

demonstrated peak accuracy (93.3% for both) in 454

contextual ATR prediction. 455

4.1.1 Cross-vowel Masking Test: Does the 456

model learn feature agreement? 457

The cross-vowel masking test assessed whether 458

the model learns that all vowels in a harmonized 459

word share the same ATR feature. The regression 460

probe, trained on the best-performing layers of 461

the models, predicted each vowel’s ATR feature 462
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Figure 1: Layerwise ATR classification accuracy for
word-level harmony prediction. xlsr-53 peaks at Layer
12; xls-r-300m shows a more distributed pattern a with
peak around Layer 16.

relying on contextual information from its neigh-463

boring vowels. Across 18100 vowel tokens, the464

probe achieved 98% mean prediction accuracy for465

xlsr-53(t = 466.75, p<0.001) and 97.8% for xls-r-466

300m. For word-level agreement and internal con-467

sistency, the classifier reached 99.5% (xlsr-53) and468

99.3% (xls-r-300m), 98.5% (xlsr-53) and 98.2%469

(xls-r-300m) prediction accuracy, respectively (all470

p < 0.0001). Standardized effect sizes range from471

3.4 to 6.8 for each of these tests. These results472

indicate that wav2vec2’s intermediate representa-473

tions encode near-ceiling within-word agreement,474

an essential property of Assamese vowel harmony.475

We further examined how masking affects pre-476

dictions at the vowel and word levels. At the vowel477

level, we observed that only 12.5% of other vowels478

changed predictions for xlsr-53 and 7.9% for xls-r-479

300m. However, the models differed in positional480

sensitivity. Masking the rightmost vowel (potential481

trigger) showed weak directional encoding with482

significantly larger changes than other positions483

(p = 0.0004) for xlsr-53. In contrast, xls-r-300m484

showed that the rightmost position had less impact485

(p < 0.0001), suggesting no directional structure.486

Word-level masking 2 caused significant accu-487

racy drops in both models (21.6% average for488

xlsr-53 and 33.9% for xls-r-300m). The rightmost489

vowel position caused the most significant feature490

prediction disruption (28.3% and 53.5% accuracy491

drops, respectively), indicating reliance on the pres-492

ence of all segments for word-level harmony clas-493

sification. Our observation suggests that the S3Ms494

represent ATR feature agreement as a global encod-495

ing consistent with statistical learning of surface496

co-occurrences rather than the acquisition of a har-497

mony rule.498

2harmonized vs. bare classifier accuracy when one vowel
is masked
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Figure 2: Masking impact at vowel and word levels. (a)
Vowel-level encoding is robust (7.9− 12.5% affected),
while word-level classification is fragile (21.6− 33.9%
drop). (b) Rightmost vowel masking causes the largest
word-level disruption.

4.1.2 Directionality Test: Does the model 499

prefer Regressive Harmony? 500

We designed the directionality test to assess 501

whether the model encodes ATR harmony as a 502

right-to-left (regressive) or left-to-right (progres- 503

sive) process. We conducted two asymmetric 504

prediction tasks: one test utilized only the right- 505

context information (examining regressive spread- 506

ing), and the other used only the left-context infor- 507

mation (examining progressive spreading). 508

Both models showed weak but statistically signif- 509

icant regressive bias. xlsr-53 predicted left vowel’s 510

ATR from right context with 72.3% accuracy and 511

right vowel’s ATR from left context with 67.7% 512

accuracy, resulting in a directional bias of +4.7% 513

(t = 8.94, p < 0.001). xls-r-300m achieved al- 514

most similar results with 72.4% regressive accu- 515

racy, 67.5% progressive accuracy, and a bias of 516

+4.9% (t = 9.12, p < 0.0001). 517

We observed that, although the bias is statisti- 518

cally significant for the respective models, their 519

magnitudes are modest, and the effect sizes are 520

small. Both models show a preference for regres- 521

sive harmony but do not encode the directional 522

spreading mechanism of Assamese vowel harmony 523

strongly. 524

4.1.3 Trigger-specificity Test: Do [+ATR] 525

vowels emerge as the trigger? 526

In Assamese, [+ATR] vowels harmonize [-ATR] 527

vowels, surfacing as the harmony triggers. The 528

trigger specificity test examined whether the model 529

differentiates between [+ATR] and [-ATR] vowels 530

as potential triggers of harmony. 531

xlsr-53 achieved 89.6% accuracy for words with 532

[+ATR] triggers and 83.6% accuracy for [-ATR] 533

triggers with a difference of +5.3% (Cohen’s d = 534

0.24, small effect). xls-r-300m showed a similar 535
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Figure 3: Opacity test results. Both models show sig-
nificantly lower ATR agreement when /A/ intervenes be-
tween vowel pairs, indicating learned blocking. ***p <
0.001.

prediction accuracy pattern: 90.1% for [+ATR] and536

84.0% for [-ATR], yielding a difference of +6.1%537

(Cohen’s d = 0.26).538

The trigger-specificity test revealed that the539

model prefers [+ATR] vowels as triggers, but the540

impact is weak and subject to variability. This also541

suggests that trigger specification may emerge from542

formant trajectories and energy differences, rather543

than an explicitly learned phonological rule.544

4.1.4 Opacity Test: Does the model identify /A/545

as a harmony blocker?546

We tested the model’s ability to recognize /A/ as547

the opaque vowel (harmony blocker) by comparing548

harmony prediction accuracy between two contexts:549

one of them is the blocked condition (where /A/550

intervenes between the trigger and target vowels),551

and the other one is the unblocked condition, where552

/A/ doesn’t intervene.553

Both models exhibited strong blocking effects.554

For xlsr-53, vowel pairs separated by /A/ agreed555

in predicted ATR 53.5% of the time, compared to556

81.4% for pairs at comparable distance without /A/.557

xls-r-300m achieved 50.4% prediction accuracy in558

blocked context and 82.0% in unblocked context.559

Blocking effect is +27.9%(t = 16.2, p < 0.0001,560

Cohen’s d = 1.42) for xlsr-53 and +31.7%(t =561

18.5%, p < 0.0001, Cohen’s d = 1.58) for xls-562

r-300m. This is calculated as accuracy without a563

blocker minus accuracy with a blocker. A negative564

value would indicate that the accuracy is slightly565

higher when predicting across /A/ than when pre-566

dicting without /A/ at a comparable distance. The567

positive value in our case indicates that /A/ reduces568

harmony accuracy, that is, blocks harmony. There-569

fore, wav2vec2 representations show lesser ATR570

agreement when /A/ intervenes between vowels, 571

consistent with sensitivity to opacity. 572

4.1.5 Distance Decay Analysis: Does the 573

model encode long-distance iterative 574

harmony? 575

The distance-decay test assessed whether ATR 576

harmony’s strength decays as the trigger-target 577

distance increases. We expect that if the model 578

is capable of picking up long-distance iterative 579

patterns, the prediction confidence and accuracy 580

would decrease as the number of intervening vow- 581

els increases. We observed that the accuracy re- 582

mained high and stable across distances 1-4 (xlsr- 583

53: 0.976 − 0.986; xls-r-300m: 0.970 − 0.980)3. 584

No significant correlation between distance and ac- 585

curacy was noticed for either model (xlsr-53: r = 586

0.020, p = 0.17; xls-r-300m: r = −0.005, p = 0.75). 587

The correlation between confidence and distance 588

is also weakly positive (r = 0.066 and r = 0.059, p 589

< 0.001, although this may possibly reflect smaller 590

sample sizes at longer distances. 591

However, we observed a sharp drop in the assign- 592

ment of identical ATR values to all vowels across 593

word length: from 74.6% to 61.4% to 41.3% for 594

xlsr-53 (2-vowel, 3-vowel, and 4+-vowel words, re- 595

spectively), and from 72.9% to 60.4% to 41.1% for 596

xls-r-300m. Individual vowel predictions remain 597

accurate at all distances, but the models struggle to 598

assign consistent ATR values across all vowels in 599

longer words. This pattern, therefore, appears con- 600

sistent with encoding ATR as a vowel-level prop- 601

erty rather than computing iterative spreading from 602

trigger to targets. 603

5 Conclusion 604

Our study asked: when a neural speech model 605

accurately distinguishes a phonological contrast, 606

does it actually learn the grammatical rule that gov- 607

erns the contrast? Our findings suggest that the 608

answer is not very straightforward. The under- 609

studied wav2vec2.0 representations encode some 610

properties associated with harmony while failing 611

to capture others. 612

Both the wav2vec2 variants encode ATR dis- 613

tinction in their middle layers. ATR classification 614

peaked at Layer 12 for xlsr-53 and Layer 16 for xls- 615

r-300m. This aligns with previous findings showing 616

3We had 1001 tokens with distance=2 ((C)V1CV2(C),2230
tokens with distance=3 ((C)V1CV2CV3(C), and 1558 tokens
with 4+ vowels.
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Test Metric xlsr-53 xls-r-300m

Layerwise Probing Peak layer L12 L16
Peak accuracy 81.1% ± 8.3% 80.4% ± 7.9%

Feature Agreement
Cross-vowel accuracy 98.0% 97.8%
Word-level agreement 99.5% 99.3%
Internal consistency 98.5% 98.2%

Masking Impact Vowel-level (% affected) 12.5% 7.9%
Word-level (avg drop) 21.6% 33.9%

Directionality Regressive bias +4.7% +4.9%

Trigger Specificity [+ATR] advantage +5.3% (d=0.24) +6.1% (d=0.26)

Opacity Blocking effect +27.9% (d=1.42) +31.7% (d=1.58)

Distance Decay Distance-accuracy correlation r=0.020 (p=0.17) r=−0.005 (p=0.75)
Internal consistency (4+ vowels) 41.3% 41.1%

Table 2: Summary of layerwise probing and process-level test results for both models.

that phonological information is encoded in the in-617

termediate layers following acoustic process but618

preceding higher-level contextual encoding (Pasad619

et al., 2021). Probing results alone might sug-620

gest successful learning of ATR vowel harmony.621

However, when representations are evaluated using622

masking-based diagnostics that target process-level623

properties, the picture becomes more complicated.624

Assamese ATR harmony, like any harmony sys-625

tem of the world, is not just based on within-vowel626

agreement. It is a process in which [+ATR] vowels627

spread their feature in the right-to-left direction,628

with /A/ blocking the spread. A model that has truly629

learned harmony must encode these phonological630

properties. It should reflect the regressive bias,631

treat [+ATR] vowels as the trigger, show iterative632

long-distance harmony, and learn /A/ as the opaque633

vowel.634

Both models strongly encode within-word ATR635

feature agreement and show clear sensitivity to the636

presence of an intervening low vowel /A/. In con-637

trast, evidence for directional spreading, trigger638

asymmetry, and iterative computation is weak or639

absent. The process-level results reveal that the640

models predict more accurately in a regressive di-641

rection than in a progressive one (directional bias642

+4.7% to +4.9%), and [+ATR] trigger scores mod-643

estly higher accuracy than [-ATR] contexts (Co-644

hen’s d = 0.24 − 0.26); however, none of their645

effect sizes are significantly large. The opacity646

findings reflect a large drop in prediction accuracy647

when /A/ intervenes between vowels, with block-648

ing effects of 28 − 31% with medium to large ef-649

fect sizes (Cohen’s d = 1.42 − 1.58). However,650

we cannot rule out that this reflects acoustic dis-651

similarity of /A/ in embedding space rather than652

learned phonological opacity. Theoretically, block- 653

ing is a consequence of directional spreading being 654

interrupted. In our case, a strong opacity effect 655

along with a weak directionality effect indicates 656

that the models capture local differences without 657

representing the directional process. These disso- 658

ciative results suggest that hi h probing accuracy is 659

not equivalent to grammatical knowledge. 660

Wav2vec2, as a transformer model, applies a self 661

attention over the entire input win ow without an in- 662

herent bias toward sequential processing (Vaswani 663

et al., 2017; Baevski et al., 2020). This global mech- 664

anism favors encoding the feature co-occurrence 665

patterns over directional dependencies. Further- 666

more, the pretraining objective of contrastive loss 667

encourages discriminative representations rather 668

than rule-inductive ones (Baevski et al., 2020). 669

This may also explain why /A/ emerges robustly 670

as a blocker, but directional spreading, which re- 671

quires rule-informed sequences, is weakly repre- 672

sented. Future work could test this hypothesis by 673

examining correlations between acoustic measures 674

(F1, F2, spectral properties) and model predictions, 675

or by probing whether models trained on languages 676

with progressive harmony show reverse directional 677

biases. Targeted masking strategies such as com- 678

paring predictions in cases of partial spreading or 679

manipulating distance and intervening context in 680

blocked versus unblocked words could further re- 681

veal whether masking-induced disruption reflects 682

learned grammatical constraints or statistical distri- 683

butional biases. 684

Limitations 685

We acknowledge the limitations in our work. We 686

have worked on a single language with approxi- 687
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mately 2 hours of speech from 14 adult speakers.688

Additionally, our dataset consists of isolated words.689

It would be worthwhile to investigate how the mod-690

els behave on continuous speech and whether our691

observations can be generalized to other languages692

that exhibit vowel harmony. Also, we compared693

two multilingual variants of wav2vec2. Extending694

this analysis to other state-of-the-art architectures695

would strengthen the generalizability of our obser-696

vations.697
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