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Abstract

Vowel harmony is a non-local phonological process in which
vowels within a word share a common feature value. We ex-
amine which aspects of this process are learnable from speech
alone, using Assamese Advanced Tongue Root (ATR) harmony
as a test case. We use a generative (fiwGAN) and a predic-
tive model (wav2vec2) as comparative probes of what differ-
ent speech-learning objectives make accessible. Both models
learn ATR-related phonetic distinctions: fiwGAN latent vari-
ables control F1 differences, and wav2vec2 separates ATR cat-
egories with ∼81% accuracy. Wav2vec2 also learns global
feature agreement (98% accuracy) and recognizes the blocker
/A/ (27.9% agreement drop in blocked contexts). However,
neither model shows strong evidence for regressive spreading
(d = 0.12) or iterative harmony across longer words. These
results suggest that raw speech learning exposes the acoustic
and co-occurrence structures, while directional phonological
generalization may require morphology, lexical alternations, or
temporal and architectural biases.

Keywords: phonological learning; inductive biases; vowel har-
mony; self-supervised learning; distributional learning

Introduction
Human infants acquire phonological knowledge from contin-
uous speech despite variability across talkers, speaking rates,
and contexts. Over time, they become sensitive to the contrasts
and regularities in their native language, showing evidence for
category formation and pattern learning from distributional in-
put (Kuhl, 1991; Maye et al., 2002; Saffran & Thiessen, 2003;
Werker & Tees, 1984). A core question is: which learning
mechanisms and inductive biases enable learners to progress
from the raw acoustic input signal to structured phonological
generalizations?

The question of what phonological patterns can be recov-
ered from distributional representations of speech, and what
additional biases or learning signals support generalization
beyond surface forms, sits at the center of a longstanding de-
bate (Albright & Hayes, 2003; Hayes & Wilson, 2008; Marcus
et al., 1999; Seidenberg & Elman, 1999). The discussion be-
comes more consequential for non-local processes that require
learners to integrate information across a word and to gener-
alize beyond memorized surface forms. Results from artifi-
cial grammar learning experiments reveal that it is harder for
adults, children, and non-human animals to learn non-local
dependencies than local ones (Wilson et al., 2020), while
some evidence suggests that it is more challenging to learn

vowel dependencies than consonant dependencies (Weyers et
al., 2022). Vowel harmony, one such non-local phenomenon,
requires all vowels in a word to share the same feature. As a
result, a learner must recover multiple interacting properties,
including the domain of harmony, the direction of harmony
spreading, the trigger, and the target vowel participating in
the alternation, as well as the vowels that block the spread-
ing (Archangeli & Pulleyblank, 1989; Finley, 2010; Rose &
Walker, 2011). Vowel harmony, thus, provides an ideal test
case for distinguishing statistical pattern detection from rule-
based phonological computation.

Evidence from infant research suggests that learners can
be sensitive to harmony-like structure even without exposure
to harmony languages (Götz et al., 2024; Kuhl et al., 2006;
Solá-Llonch & Sundara, 2025; Sundara et al., 2018; Werker,
2024; Werker & Tees, 1984). Early research posited that in-
fants distinguish between harmonic and disharmonic vowels
due to a domain-general perceptual bias, in which listeners
group sounds that share similar acoustic or articulatory fea-
tures (Creel et al., 2004; Newport & Aslin, 2004; Wilson
et al., 2020). Mintz et al. (2018) argued that vowel-to-vowel
regularities can serve as cues for segmentation and be detected
by infants in laboratory settings. Recent work confirms this
sensitivity persists developmentally (Solá-Llonch & Sundara,
2025; Sundara et al., 2018). These findings demonstrate that
learners may possess biases that highlight vowel-based fea-
ture dependencies. One explanation is that perceptual group-
ing, a domain-general tendency to group acoustically similar
sounds, allows infants to detect feature agreement without
representing harmony as a directional process (Creel et al.,
2004; Newport & Aslin, 2004). However, full phonologi-
cal knowledge may require progressing beyond this statistical
sensitivity to acquire rule-like generalizations.

Earlier computational studies on vowel harmony learnabil-
ity mainly focused on text data (Andersson et al., 2019; Hayes
& Wilson, 2008; Mayer & Nelson, 2020), but which parts
of a phonological pattern are recoverable from the speech
signal itself before explicit labels for phones, features, or mor-
phemes are supplied remains unanswered. To address this gap,
we use two speech models with different learning objectives
as comparative probes: a generative model trained with an
adversarial loss (featural infowaveGAN or fiwGAN) (Beguš,
2020) and a predictive model trained with contrastive mask-
ing (wav2vec2-large-xlsr53) (Baevski et al., 2020; Conneau
et al., 2021), and investigate whether rule-like representations
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emerge inside the network without task-specific training on
harmony. FiwGAN tests whether a generative model trained
on Assamese word forms develops latent control over ATR-
related acoustics. In contrast, xlsr-53 tests whether a large
contextual speech model makes ATR and harmony-related
information recoverable from frozen representations. These
models differ in both architecture and learning objective, so
we interpret their contrasting patterns as revealing what each
approach achieves on the same phonological learning task.

The present paper extends Ray Barman et al. (2024), which
first applied fiwGAN to Assamese vowel harmony and re-
ported that generated vowels showed ATR-consistent F1 dif-
ferences. We use the same Assamese speech corpus but ask
a more specific process-level question: whether the models
encode only ATR-related acoustic distinctions or also sup-
port process-level properties of harmony, including feature
agreement, opacity, directionality, and iterativity. We evalu-
ate both models on Assamese ATR harmony using a set of
process-level tests. We examine (a) global feature agreement,
(b) recognition of the low vowel /A/ as a blocker, and (c)
rules associated with phonological computation, such as di-
rectionality bias and long-distance iterativity. We ask which
harmony properties emerge from distributional learning in
speech under different model biases, and which properties
require additional constraints or signals.

Our results reveal a dissociation informative for theories of
phonological acquisition. The predictive model (wav2vec2)
robustly supports global ATR agreement and sensitivity to
blocking by /A/, consistent with learning contextual depen-
dencies and exceptions. However, it shows no meaningful
directionality bias and no distance-based decay, suggesting
that the learned representation captures harmony as global
statistical co-occurrence rather than a directional, iterative
process. The generative model (fiwGAN) learns phonetic cat-
egories tied to ATR but does not coordinate vowels across a
word. Neither learning objective induces the rule-governed
vowel harmony process, pointing to what distributional learn-
ing alone cannot recover, and what additional structure or
learning signals would be required.

Model Architectures
Model 1: Featural InfoWaveGAN
Featural InfowaveGAN (fiwGAN), a fusion of WaveGAN
(Donahue et al., 2019) and InfoGAN (Chen et al., 2016),
was proposed by Beguš (2020). It contains three deep con-
volutional networks: a Generator, a Q-network, and a Dis-
criminator. Generator, a 1D transposed convolutional neural
network with five upsampling layers, takes a set of uniformly
distributed latent variables (z ∼ 𝑈(-1,1)) as input (see Fig-
ure 1). The Generator’s latent space comprises binary codes
and latent variables. As a result, the network treats binary
variables as features (𝜙) where each variable corresponds to a
single feature (𝜙n). The Generator outputs 1-second acoustic
samples at 16 kHz, which, along with real data, are passed
to the Discriminator, trained with a Wasserstein loss, and to

the Q-network, which recovers latent codes from the output to
enable lexical learning. We trained the model on the full As-
samese speech dataset (4789 1-second-long audio files, each
corresponding to an Assamese word token) for 1000 epochs
using a batch size of 64 (other hyperparameters were the same
as Beguš (2020)).

Figure 1: Architecture of Featural InfoWaveGAN (fiwGAN)
displaying the Generator, the Discriminator, and the Q-
network (Beguš, 2020; Ray Barman et al., 2024)

Model 2: wav2vec2-large-xlsr53
Self-supervised speech models (S3Ms), such as wav2vec2
(Baevski et al., 2020), have been remarkably successful in un-
covering linguistic representations from unlabeled, raw audio
data. Trained on large datasets, these models develop inter-
nal layers that often correlate with phonetic and phonological
features, such as phoneme identity and manner of articula-
tion (Cormac English et al., 2022; English et al., 2024). The
wav2vec2 architecture comprises a convolutional feature en-
coder and a transformer encoder. A convolutional feature
encoder processes raw waveforms into frame-level represen-
tations, which a 24-layer transformer then contextualizes via
self-attention (see Figure 2). The model is trained with a
predictive objective that forces it to learn contextual depen-
dencies.

The contrastive loss of wav2vec2 contrasts with fiwGAN’s
adversarial loss, which reconstructs speech from latent vari-
ables without explicitly modeling sequential dependencies.
We use wav2vec2-large-xlsr53 (Conneau et al., 2021) be-
cause it is a widely used multilingual self-supervised speech
model whose representations have been shown to encode pho-
netic and phonological information (Choi et al., 2024; Cor-
mac English et al., 2022; Gauthier et al., 2025; Pasad et al.,
2023). Xlsr-53 was pretrained on approximately 56,000 hours
of speech from 53 languages, among which approximately 55
hours of Assamese speech from the BABEL corpus is in-
cluded. We use the model’s frozen pretrained weights with-
out finetuning to ensure that any phonological structure we
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Figure 2: Architecture of wav2vec2 consisting of a convolu-
tional feature encoder and a transformer (Baevski et al., 2020).

detect reflects representation learned through self-supervised
pretraining rather than task-specific adaptation. These asym-
metric training conditions reflect the models’ distinct roles
as probes: fiwGAN’s latent space is interpretable only after
training on the target data, whereas xlsr-53’s frozen repre-
sentations are tested on what multilingual pretraining already
makes accessible.

Materials and Methods
Dataset
Our test case is Assamese advanced tongue root (ATR) har-
mony. Assamese is an Indo-Aryan language spoken in the
state of Assam, India, by approximately 15 million speakers.
The language has eight surface vowels and poses a learnability
challenge due to its long-distance iterative harmony system.
The [+high, +ATR] vowels [i,u] are the trigger vowels harmo-
nizing the [-high, -ATR] vowels [E, U, O] to [e, u, o], respec-
tively. The [+low, -ATR] vowel /A/ is the opaque vowel that
blocks the right-to-left regressive harmony spreading, except
for [-uwA] and [-ijA] suffixes.

Table 1: Example of ATR harmony in Assamese

Root Gloss Suffix Derived Gloss Type
bOx ‘settle’ O+ti boxoti ‘settlement’ Harmonized
lEkh ‘write’ i+kA lekhikA ‘writer-F’ Harmonized
phEdElA ‘ugly-M’ -i phedeli ‘ugly-F’ Harmonized
zUnAk ‘firefly-M’ -i zUnAki ‘firefly-F’ Bare (blocked by /A/)
bhut ‘ghost’ -E bhutE ‘ghost-ERG’ Bare

We use the speech corpus introduced in Ray Barman et al.
(2024), comprising 4789 tokens from 82 unique Assamese
words recorded by 14 L1 Assamese speakers (8 females and
6 males, aged 19-35) from the Upper Assam region. Each
speaker produced between 4 and 6 repetitions per item. The
target words (X) were manually annotated and extracted from
the carrier frame (moi X buli kolu) using Praat (Boersma &
Weenink, 2009). Based on existing accounts of Assamese
vowel harmony1, we assigned two categories to the tokens:

1For details on Assamese vowel harmony, see Mahanta (2008,
2012)

harmonized (all vowels in the word share the same ATR fea-
ture) and bare (words with mixed ATR vowels). This resulted
in 2928 harmonized and 1861 bare word tokens, and 15451
vowel tokens ([+ATR]: 9647, [-ATR]: 5804).

Representational Analysis of fiwGAN
Ray Barman et al. (2024) showed that fiwGAN generates
vowel sequences exhibiting ATR-consistent F1 differences,
with [i] frequently occurring in the trigger position. The
present work extends that analysis using the interpretation
and probing techniques of Beguš and Zhou (2022a, 2022b)
to examine which latent variables control ATR-related acous-
tics, and whether any learned coordination generalizes across
vowels.

Latent variable identification To identify which latent
variables control ATR-related acoustics, we trained a Ran-
dom Forest classifier on the Discriminator’s final layer acti-
vations to predict ATR categories on real training data, then
applied it to annotate generated samples. Using this classi-
fier, we generated 2000 samples from random latent vectors
and extracted their predicted ATR labels. We then applied
two complementary feature selection methods (the chi-square
test and L1-penalized logistic regression, or LASSO) to iden-
tify which of the 100 latent variables best predict the ATR
category.

Causal interpolation Correlation between a latent variable
and an acoustic feature does not establish that the variable
causes changes in that feature. Following the interpretabil-
ity method proposed by Beguš and Zhou (2022a, 2022b), we
swept each of the seven identified variables from -5 to +5, be-
yond their training range of [-1,1], while holding the remain-
ing variables fixed at neutral values. This out-of-range sweep
is used as a diagnostic for the direction and monotonicity of
latent control rather than as a claim about the natural distribu-
tion of generated outputs; we therefore interpret the direction
and consistency of the F1 change rather than its absolute mag-
nitude. We generated an audio sample for each interpolation
step and extracted f0, F1, F2, intensity, and voiced duration us-
ing Parselmouth (Jadoul et al., 2018). We computed Pearson
correlations between latent variables and acoustic measures to
assess whether each variable systematically controls formant
trajectories.

Process-level tests To test whether harmony spreads across
vowels, we generated CVCVC sequences by concatenating
separately generated syllables. We manipulated one vowel’s
ATR-encoding latent variable while holding the other vowel’s
corresponding latent at a neutral value. Then, we mea-
sured whether the manipulated vowel’s F1 change resulted
in changes in the non-adjacent vowel. To test directionality,
we compared F1 slopes when the manipulated vowel appeared
in word-initial versus word-final position to assess whether the
model shows a bias toward regressive or progressive spread-
ing.
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Representational Analysis of wav2vec2
Representation extraction and best layer identification
We extracted layerwise representations from wav2vec2-large-
xlsr53 by forward-passing each waveform through the frozen
representation and mean-pooling hidden states over each
vowel’s timespan. The target words were manually seg-
mented, and vowel boundaries were detected using an energy-
based algorithm and validated against the phonetic transcrip-
tions performed in Praat. To identify the layer at which ATR
information is most accessible under contextual prediction,
we trained logistic regression probes on each of the 24 trans-
former layers to predict the target vowel’s ATR category from
contextual representations while masking the target vowel’s
own frames before pooling. The layer selected by this proce-
dure was used for all subsequent process-level tests.

Process-level tests We designed four tests to examine
whether the model learns properties of phonological processes
beyond featural co-occurrence. The cross-vowel masking test
assesses feature agreement by predicting each vowel’s ATR
category from the remaining vowels in the word. To mask
the target vowel, we set its time-aligned frames to zero be-
fore pooling. We report three metrics: (i) cross-vowel pre-
diction accuracy: the proportion of correctly predicted ATR
categories when the target vowel is masked, (ii) internal con-
sistency: the proportion of words where all vowels receive
identical ATR predictions, and (iii) word-level agreement:
the proportion of words where the predicted ATR category
matches the ground-truth harmony label. The asymmetric
masking test compares prediction accuracy when using only
the right context (regressive) to only the left context (pro-
gressive) to assess directional bias. The opacity test com-
pares ATR agreement between vowel pairs separated by /A/
(blocked, mean distance: 2.29 vowels) and vowel pairs sep-
arated by non-/A/ vowels at comparable distance (unblocked,
mean: 2.38 vowels). The distance decay test measures con-
textual prediction and internal consistency as a function of
trigger-target distance to assess long-distance iterativity.

Results
The reported findings address two primary questions: (i)
whether both models learn ATR as a phonetic distinction, and
(ii) whether this encoding reflects grammatical rule learning
or statistical co-occurrence. We evaluate the second ques-
tion through a set of process-level tests targeting universal
properties of vowel harmony (feature agreement, opacity, di-
rectionality, and long-distance iterativity). A methodological
asymmetry structures the results. Wav2vec2 produces token-
aligned contextual vowel embeddings that support masking-
based tests, whereas fiwGAN’s generative architecture lacks
such a mechanism. Feature agreement and opacity tests are
therefore applied only to wav2vec2, and fiwGAN is evaluated
via latent interpolation and spreading tests on the generated
outputs. We first establish that both models encode ATR-
related phonetic distinctions, then test constraint-like proper-

ties (feature agreement and opacity), and finally assess rule-
like properties (directionality and iterativity).

ATR Contrast Encoding
FiwGAN The chi-square feature selection and LASSO re-
gression tests converged on 7 latent variables that encode
ATR−related acoustics (Table 2). Variables z5, z6, and z7
showed the strongest associations (𝜒2 > 7.5, 𝑝 <0.006). A
logistic regression classifier trained only on these 7 variables
achieved 88.4% accuracy in predicting ATR labels, retain-
ing 97.9% of the performance of the complete 100-variable
model. To verify whether these identified variables system-
atically control the acoustic distinctions of the ATR vowels,
we compared F1 values of the generated samples annotated as
[+ATR] and [-ATR]. Generated outputs showed an F1 differ-
ence of 144.4 Hz (Cohen’s 𝑑 = −1.133), with [+ATR] vowels
lower in F1 than [-ATR]. Permutation testing with 1000 itera-
tions confirmed that the observed difference was significantly
above chance (permutation 𝑝 < 0.0001). A lower F1 value for
[+ATR] vowels than for their [-ATR] counterparts is a well-
established acoustic distinction in the literature (Hess, 1992;
Olejarczuk et al., 2019; Starwalt, 2008), and is notable here
as the model received no explicit phonological labels during
training.

Table 2: Top 7 z-variables controlling ATR-encoding in fiw-
GAN’s Generator

z-variable chi-square (𝜒2) 𝑝-value Lasso (𝛽) coefficient
z7 9.17 0.0025 -0.5320
z5 8.53 0.0035 -0.4015
z6 7.54 0.0060 -0.3549
z26 7.14 0.0075 0.4100
z4 6.99 0.0082 -0.3648
z60 5.98 0.0145 -0.3516
z81 5.84 0.0156 0.3662

Latent interpolation revealed that all 7 variables exert a con-
sistent directional influence on the F1 trajectory. The Pearson
correlations ranged from |𝑟 | = 0.712 to 0.950 (all 𝑝 <0.001).
When interpolated from -5 to +5, each variable produced sys-
tematic F1 changes ranging from 302.5 Hz (z26) to 911.3 Hz
(z60). Variable z7 emerged as the primary controller of vowel
quality, producing the largest ranges for F1 (787 Hz, 𝑟=0.966)
and F2 (518 Hz, 𝑟 = 0.946)(see Figure 3).

Wav2vec2 ATR classification accuracy improved steadily
through lower and mid transformer layers. The classifier’s
performance peaked at Layer 12, with an accuracy of 81.1%
±8.3%, macro-F1 of 0.787 ± 0.081, and ROC-AUC of 0.891
± 0.072 (Figure 4). Performance declined in deeper layers,
suggesting ATR-relevant information becomes less linearly
separable as representations encode higher-level contextual
dependencies. For all subsequent process-level tests, we used
Layer 12 representations, which achieved 93.3% accuracy in
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Figure 3: F1 mean across fiwGAN Generator layers during
z7 interpolation from -5 to +5. Dashed lines indicate training
range boundaries (-1, +1). All layers show systematic F1
control.

contextual ATR prediction (predicting a vowel’s ATR cate-
gory from neighboring vowels while masking the target)2.
The higher contextual prediction accuracy (93.3% vs. 81.1%)
indicates that ATR is highly predictable from local context,
even when the target vowel’s own acoustic information is un-
available.
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Figure 4: Layerwise ATR classification performance in
wav2vec2. All three metrics (F1-score, ROC-AUC, and ac-
curacy) peak at Layer 12. Shaded regions indicate cross-
validation standard deviation.

Feature Agreement and Opacity Learning
Feature agreement The cross-vowel masking probe pre-
dicted each vowel’s ATR category using only contextual rep-
resentations from the remaining vowels in the word. Across
15451 vowel tokens, cross-vowel prediction accuracy reached
98% (t=466.75, 𝑝 <0.001), word-level agreement (whether
the consistently predicted ATR category matched the ground-
truth label) reached 99.5%, and internal consistency (whether
all vowels in a word received the same predicted ATR cate-
gory) reached 98.5%. Cohen’s d effect sizes ranged from 3.4
to 6.8 (very large effect)3. These near-ceiling values indicate
that wav2vec2’s intermediate representations encode strong

2Layerwise probing measures ATR decodability from vowel
representations, whereas contextual ATR prediction measures pre-
dictability from context with the target vowel masked; these are
distinct evaluations.

3Cohen’s 𝑑 standardized effect sizes: small effect 𝑑 ≈ 0.2;
medium effect 𝑑 ≈ 0.5; large effect 𝑑 ≈ 0.8 or greater.

within-word ATR co-occurrence, a core property of vowel
harmony. However, they may also reflect per-phoneme iden-
tity encoding, disentangling which would require nonword
generalization tests.

Input Word

Mask one
vowel

Masked Input

Predict V2 = +ATR
using V1 and V3 context

Vowel (+ATR) Masked

A. Masking Procedure

o g o i

o g ? i

1. Cross-Vowel Prediction
Predict masked V from neighbors

98.0%

2. Internal Consistency
All Vs in word get same label?

98.5%

3. Word-Level Agreement
Predictions = Ground truth?

99.5%

B. Three Success Metrics

Ground Truth: all +ATR

Predictions: all +ATR

1. Cross-vowel: Each V correctly predicted PASS

2. Consistency: All predictions agree (+ATR) PASS

3. Agreement: Matches ground truth PASS

Conclusion:
Model learned vowel agreement within words

C. Example Walkthrough

o o i

o o i

Figure 5: Schematic of the cross-vowel masking test: one
vowel is masked, and its ATR label is predicted from the
remaining vowels’ contextual representations.

We further examined how masking individual vowels affects
predictions. At the vowel level, only 12.5% of other vowels
changed their predicted ATR category when one vowel was
masked. However, word-level harmony classification (harmo-
nized vs. bare) resulted in a 21.6% accuracy drop when any
single vowel is masked. Masking the rightmost vowel position
caused the largest accuracy drop (28.3%). This is consistent
with some reliance on the rightmost position, which corre-
sponds to the trigger in regressive harmony, though positional
frequency differences in the corpus cannot be ruled out.

Opacity To test whether wav2vec2 recognizes /A/ as a har-
mony blocker, we compared ATR agreement between two
conditions: blocked (vowel pairs intervened by /A/) and un-
blocked (pairs at comparable distance without intervening
/A/). Vowel pairs separated by /A/ agreed in predicted ATR
only 53.5% of the time compared to 81.4% for the unblocked
pairs. The blocking effect was +27.9% (t=16.2, 𝑝 <0.0001,
Cohen’s 𝑑=1.42). This large effect indicates that the model
less accurately predicts ATR agreement when /A/ intervenes
between vowels, consistent with the Assamese ATR harmony
pattern, in which /A/ blocks spreading.

Directionality
FiwGAN We swept an ATR-encoding latent for either the
preceding or following vowel while holding a neutral mid-
vowel constant. If the model had internalized regressive har-
mony, we would expect larger effects when the manipulated
vowel follows the target. We observed no significant differ-
ence in F1 slope or mean shift between leftward and rightward
conditions (𝑝 >0.3). This direction-independent behavior in-
dicates that the Generator lacks a bias toward regressive har-
mony despite being trained on a dataset with strictly regressive
patterns.

Wav2vec2 We compared prediction accuracy when using
only right context (regressive: predicting left vowels from
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right context) versus only left context (progressive: pre-
dicting right vowels from left context). The model pre-
dicted left vowels’ ATR category from right context with
72.3% accuracy and right vowels’ ATR from left context with
67.7% accuracy. This resulted in a directional bias of +4.7%
(𝑡 = 8.94, 𝑝 < 0.001, Cohen’s 𝑑 =0.12). The statistically
significant but negligible effect size suggests that the model
shows no meaningful preference for regressive spreading and
does not strongly encode the directional mechanism of As-
samese vowel harmony.

Cross-vowel Coordination and Distance Decay
FiwGAN: cross-vowel coordination We generated
(C)VCVCV(C) sequences by concatenating separately
generated syllables, manipulated one vowel’s ATR-encoding
latent while holding the other vowels’ latent at a neutral
value, and measured whether this produced F1 changes in
the non-adjacent vowel. Given independent generation, the
absence of cross-vowel effects indicates that the model’s
learned ATR control remains local rather than reflecting an
emergent spreading dependency. If the model had learned
iterative harmony, the manipulated vowel should system-
atically affect the non-adjacent vowel’s acoustic properties
(especially F1). Instead, the non-local vowel’s F1 remained
flat across the first vowel’s sweep, and vice versa. Slopes of
F1 change were identical irrespective of vowel position.

Wav2vec2: distance decay Distance decay was tested by
grouping trigger–target pairs by the number of intervening
vowels and measuring mean target-prediction accuracy as a
function of distance. Individual vowel prediction accuracy re-
mained high and stable across distances 1 to 4 (0.976−0.986),
with no significant correlation between distance and accuracy
(𝑟=0.020, 𝑝=0.17). However, internal consistency, the pro-
portion of words where all vowels received identical ATR
predictions, dropped sharply across word-length from 74.6%
(2-vowel words) to 61.4% (3-vowel words) to 41.3% (4+ vowel
words). Therefore, the highly accurate pairwise predictions
mask the model’s struggle to assign consistent ATR values
across all vowels in longer words, thereby preventing it from
implementing an iterative mechanism that enforces harmony
across all positions.

Discussion
In this paper, we examined which aspects of vowel harmony
can be recovered from distributional statistics in raw speech.
We used two speech models with different learning objectives
(fiwGAN and wav2vec2) as computational probes to learn
vowel harmony from acoustic signals. Across both models
and all process-level tests, the results point in the same di-
rection. Both models learn the phonetic distinctions between
ATR categories. Wav2vec2 goes further, additionally learn-
ing global feature agreement and harmony blocking by /A/.
These observations reflect the scope and limits of distribu-
tional learning for phonological acquisition.

The results on feature agreement and opacity for wav2vec2
align with perceptual-grouping accounts (Creel et al., 2004;
Newport & Aslin, 2004). Infants can discriminate between
harmonic and disharmonic sequences even without prior ex-
posure to a harmony language (Altan et al., 2016; Solá-Llonch
& Sundara, 2025), and our models appear to reach a similar
sensitivity through distributional patterns in the acoustic input.
However, our models do not progress beyond this point. The
opacity finding, where ATR agreement dropped by 27.9%
when /A/ intervened between the distance-matched vowel
pairs, suggests that something about the distributional pattern
of blocking is recoverable from surface statistics. However,
what exactly the model is doing is less clear. It may have
learned /A/ as a categorical boundary, or it may be picking
up on coarticulatory or prosodic cues that tend to co-occur
with /A/ in this corpus. The near-ceiling accuracy values for
global feature agreement are consistent with the model en-
coding ATR as a shared feature, but a classifier that learns
separate representations for individual vowels would produce
similar numbers without representing ATR abstractly at all.
Whether these results reflect genuine feature agreement or
phoneme-specific encoding cannot be determined from the
current data alone. Distinguishing between these probabili-
ties would require testing on acoustically matched contexts or
novel word forms.

The directionality and iterativity tests put forth interest-
ing observations. Wav2vec2 showed a statistically significant
but negligible directional bias (𝑑 = 0.12), whereas fiwGAN
showed none at all, despite being trained on a dataset with
strictly regressive spreading. The internal consistency results
clarify this. The pairwise vowel prediction stayed high and
stable across distances, but word-level consistency fell from
74.6% in 2-vowel words to 41.3% in words with 4 or more
vowels. The drop suggests the predictions are driven by lo-
cal co-occurrence rather than a global feature specification.
The fact that F1 slopes were identical in fiwGAN regardless
of which vowel was manipulated indicates that each vowel’s
quality is determined by its own latent variable with no de-
tectable influence on its neighbors. Both models, then, appear
to have learned the surface statistics of harmony without learn-
ing the mechanism behind it.

Our overall findings suggest that full phonological learn-
ing requires combining distributional mechanisms with struc-
tured representations. Human adults pick up directional biases
and generalize to new forms after limited exposure (Finley &
Badecker, 2009, 2012), and the gap between what they do and
what these models do points to learning signals that acous-
tics alone cannot provide. Morphological alternations, since
root-affix paradigms in Assamese make spreading direction-
ality visible in a way surface statistics do not (Albright &
Hayes, 2003), and architectural asymmetry, such as a strictly
unidirectional context window, are some of them. Future
work should extend this framework cross-linguistically across
harmony systems with different structural properties.
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