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Abstract

Recent automated transcription systems have
focused on end-to-end orthographic approaches
driven by deep neural networks and sequence-
to-sequence transformers. Growing public in-
terest in transcription at the phonemic or pho-
netic level has led to re-purposing these sys-
tems to segment and identify phones, the basic
sounds which comprise human speech. How-
ever, they miss the mark on a fundamental com-
ponent of time-series analysis, namely time.
For linguistic applications which require high
fidelity in the temporal domain, the loss of tim-
ing information is untenable. Our work pro-
poses a deadline-bounded expectation maxi-
mization (EM) algorithm with a novel initializa-
tion method to estimate formants, i.e., salient
speech frequencies, for enhanced phonetic seg-
mentation. Based on the concept of spectral
gravity, i.e., treating spectral energy as mass
attenuated by the square of frequency distance
across the spectrum, our technique outperforms
the recent state of the art on key clustering met-
rics, generating reasonable alignments across
multiple languages with no a priori training.

1 Introduction

If the saying is true that excluding linguists in-
creases the performance of speech recognizers, one
must ask what constitutes performance. Simply
targeting character error rate (CER) or word error
rate (WER) does not confer understanding of artic-
ulatory processes which may be used to extrapolate
whence a language has come and whither it is go-
ing, phonetically speaking. This holds particularly
true for systems based on sequence-to-sequence
transformers and Connectionist Temporal Classifi-
cation (CTC) which purposely lose temporal infor-
mation to minimize orthographic loss.

End-to-end approaches have achieved success
in their targeted benchmarks. However, flattening
the hierarchical structure inherent in language to an
opaque, time-agnostic stream has made systematic,

linguistic analysis difficult: an impoverishment for
the field given that human language processing
seems to work on multiple temporal scales (Lyon,
2017). Temporal reconstructions offered by or re-
coverable with the current state of the art provide
imprecise or inaccurate timestamps at the phonetic
level despite public interest in this level of detail.

A corollary to the aforementioned quip arises:
linguistically agnostic state-of-the-art methods of-
fer diminishing utility to the linguist. A recent
project sought to eliminate the need for “onerous
expertise” (Omnilingual ASR team et al., 2025)
and initially misclassified institutional languages
as highly endangered. Status information was ulti-
mately erased for all languages. Rather than omit-
ting this meaningful data, revisions from expert
linguists could have directed attention to languages
with immediate needs. Sharing hard-won expertise
from the full spectrum of participants and disci-
plines would better advance the field.

Given recent achievements of transformers in
orthographic transcription, researchers have at-
tempted to pivot to the more exacting task of
phonemic transcription. The lack of expert phone-
mic transcriptions has led to reliance on graph-to-
phoneme (G2P) converters for experiment ground
truths. These supposedly time- and labor-saving
approaches have incurred penalties in accent bias,
language bias, and temporal inaccuracy. Iden-
tifications from these systems tend to favor the
North American English phonemic inventory de-
spite training on other languages, and phonemes
unseen in training cannot be generated ex nihilo.

All this fails to address a fundamental distinction
in multilingual applications: phoneme vs. phone.
Phonemic segmentation implies a particular lan-
guage or variant at the morphophonological level,
which in turn can lead to orthography. Phonetic
segmentation, its messier cousin, offers practical in-
sight into the production and articulation of sounds
(phones) on a universal, human level.
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Detection of formants, or salient frequencies that
characterize human speech, has been a staple of
phonetic research. While primarily used for vow-
els, they can also distinguish other phones. This
work presents a novel algorithm for estimating hu-
man speech formants based on a concept of spectral
gravity, that is, the relative strength of clusters of
spectral energy attenuated by the square of distance
across the spectrum. Our approach suits real-time
applications with deadlines in the tens of millisec-
onds and avoids the typical pitfalls of expectation
maximization (EM): slow convergence, heavy ini-
tialization dependence, and fragility against sparse
sample data. The system ingests raw audio and out-
puts time-stamped phone segments with descriptive
labels based on constituent formants encoded as
64-bit integers per Yantosca and Cheng (2025).

2 Related Work

Numerous methods for the critical task of formant
estimation have been developed over the years.
Several (e.g., Ma et al., 1993; Alku et al., 2013)
improve upon the linear predictive coding (LPC)
analyses advanced by Atal (1975) and Atal and
Schroeder (1978). Boersma and Weenink’s (2023)
popular speech analysis program Praat uses Burg’s
(1975) maximum-entropy LPC method.

Shadle et al. (2016) comprehensively analyzed
the measurement errors induced by different tech-
niques noting that most methods suffered “large
errors in the direction of the strongest harmonic.”
Weighted linear prediction-attenuated main excita-
tion (WLP-AME) (Alku et al., 2013) and pruned
reassigned spectrograms (RS) (Fulop, 2011) best
mitigated these errors.

However, these methods may incur untenable
costs for real-time, streaming applications. Shadle
et al. (2016) note that all but one of the methods
tested were “semiautomatic,” and the best perform-
ing method, RS, was fully manual. The runner-up,
WLP-AME, requires accurate identification of glot-
tal closure instants, a difficult problem in itself.

Gaussian mixture models (GMMs) offer another
way to model formants as spectral energy clusters.
Many EM-based GMM component estimators have
been proposed in the literature (e.g., Melnykov and
Melnykov, 2012; Paalanen et al., 2006; Zhang et al.,
2004; Figueiredo and Jain, 2002). The simplicity
of implementation has popularized this family of
maximum likelihood estimation methods. How-
ever, convergence time varies greatly, and local,

non-global optima can dominate the search depend-
ing on initialization. Executing multiple EM runs
competitively can mitigate this at the expense of
increased computation time.

Accordingly, some researchers have sought al-
ternatives to EM. Wu and Yang (2020) presented
a denoised method of moments estimator, but con-
straining variance as either known or common fails
to account for formant bandwidths as uncommon
unknowns. Hosseini and Sra (2020) described an
alternative to EM using Riemannian optimization.
The method has attractive convergence properties,
but a sparse, univariate spectral decomposition may
not accommodate the required reformulation of the
problem into a smooth manifold.

In light of these difficulties and the recent suc-
cesses achieved with deep neural networks and
sequence-to-sequence transformers on end-to-end
speech recognition tasks, several groups have
retrofitted and trained their models to support
phonemic transcription. Xu et al. (2021) took the
orthographically effective Wav2Vec2 framework
by Baevski et al. (2020) and trained on a broad
corpus of G2P-generated phonemic transliterations
of orthographic text for the Wav2Vec2Phoneme
model. The phoneme sequences produced were
plausible but limited to the phoneme inventories of
the training data, favoring phoneme distributions
from languages with the most training represen-
tation. Timing estimates have to be derived post
hoc based on the sample rate and each phoneme’s
single frame of identification in the sequence.

Li et al. (2020) debuted Allosaurus, a universal
phone recognizer to produce timestamped phone
sequences for many languages. Explicit start times
per phone are given with duration estimates, but
the authors explicitly relate in their documentation
that timestamps are “provided by the CTC model,
which might not be accurate in some cases due to
its nature” (Li et al., 2021). Empirically, phone
durations appear estimated at a constant 45 ms,
presumably the observation frame size.

Omnilingual ASR team et al. (2025) released
Omnilingual ASR in November 2025 with the
promise to extend recognition to new languages
with a few in-context samples. The cited CER
of below 10% on 1570 languages still leaves a
long tail of about 345 languages failing to meet the
self-imposed quality threshold. The recommended
mode for zero- or few-shot language introduction
seems to be predicated on an apparent recency bias
toward “context examples with higher text similar-
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ity to the target” to avoid out-of-distribution script
errors. Although Omnilingual ASR targets ortho-
graphic transcription, we may see future phone-
mic transcription bootstrapping instructions to pair
sounds with corresponding International Phonetic
Alphabet (IPA) or romanized representations.

Forced-alignment continues to play an active
role in transcription. Omnilingual ASR prepared
data for languages without sentence-level annota-
tion using a method by Pratap et al. (2024). Lin-
guists and phoneticians use the Montreal Forced
Aligner (MFA) (McAuliffe et al., 2017) directly to
generate timestamped phone sequences. However,
forced alignment tends to misalign long utterances,
and some implementations fail to tolerate noise.

3 Methodology

We hypothesized that accurate formant estimation
could serve as a basis for linguistically sound phone
segmentation and identification. In reviewing Yan-
tosca and Cheng’s (2025) recent work on real-time
phonetic segmentation, we observed a tendency for
formant estimates to cluster below 1 kHz as evi-
denced in Fig. 5 of the paper. The admitted faults
in the formant picker are particularly apparent for
sibilants. Despite the majority of spectral energy
residing in the higher frequencies, e.g., 3–6 kHz,
detected formants fell below 2 kHz.

These low formant values appear to have
stemmed from the spectral density heuristic used,
which walked up the spectrum in a single pass and
averaged areas of high spectral density to derive
the formant estimate. A single wide formant band
striped with “whitespace” due to a high noise filter
would be miscategorized as a set of multiple for-
mants. Since the algorithm exited once the quota
of 4 formants was reached, the higher bands were
frequently not considered. This was most evident
for sibilants and other fricatives.

Our approach sought to build on and improve
the work by Yantosca and Cheng (2025) by ap-
plying a deadline-bounded expectation maximiza-
tion algorithm (cf. Algorithms 1, 2, 3) to derive
a univariate GMM characterization of each frame
of the pyknogram (cf. Potamianos and Maragos,
1995; Shokouhi and Hansen, 2017) generated by
the band-estimator stage. The ESTIMATE function
takes the following arguments: a deadline dEM,
a maximum epoch count E, initial cluster mean
hypotheses µ, variance hypotheses σ2, mixture
probability hypotheses p, pyknogram frequencies

f as sample locations, and pyknogram amplitudes
a as sample weights. The function returns revised
hypotheses along with execution metrics.

Algorithm 1 Deadline-Bounded Univariate EM
1: procedure ESTIMATE(dEM, E,µ,σ2,p, f ,a)
2: . NB: Log space variables underlined for clarity.
3: δT ← 0 . Elapsed time delta.
4: c← 0 . Worst Observed Execution Time.
5: λ←∞ . Log likelihood.
6: δλ ←∞ . Log likelihood delta.
7: e← 0 . Epoch counter.
8: while e < E
9: ∧ δT + c < dEM

10: ∧ δλ > 10−10

11: ∧ ISNORMAL(min(σ2)) do
12: λ0 ← λ
13: t0 ← GETMICROS()
14: λ,Γ← ESTEP(µ,σ2,p, f ,a)
15: δλ ← |λ− λ0|
16: µ,σ2,p← MSTEP(µ,σ2,p, f ,a)
17: δt ← GETMICROS() − t0
18: c← max(δt, c)
19: δT ← δT + δt
20: e← e+ 1
21: end while
22: return λ, e, δT ,µ,σ

2,p
23: end procedure

The ESTEP function uses the amplitude weight
vector a to avoid numerical instability from non-
contributing samples, returning the estimate’s over-
all log-likelihood λ and sample responsibilities Γ.

The MSTEP function takes the responsibilities
derived from ESTEP and applies the amplitude vec-
tor a per Frisch and Hanebeck (2021) to a weighted
maximization step, returning the mixture means µ,
variances σ2, and membership probabilities p.

Algorithm 3 Weighted Maximization Step
1: procedure MSTEP(µ,σ2,p,Γ, f ,a)
2: for k ∈ [0, |µ|) do
3: µk ← 0
4: σ2

k ← 0
5: if pk > 0 then
6: pk ← 0
7: for i ∈ [0, |f |) do
8: if ai > 0 then
9: r ← fi − µk

10: pk,i ← Γk,iai

11: pk ← pk + pk,i
12: if pk > 0 then
13: µk = µk + pk,ir/pk
14: σ2

k = σ2
k + pk,ir(fi − µk)

15: end if
16: end if
17: end for
18: σ2

k = σ2
k/pk

19: end if
20: end for
21: return µ,σ2,p
22: end procedure
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Algorithm 2 Expectation Step
1: procedure ESTEP(µ,σ2,p, f ,a)
2: . NB: Log space variables underlined for clarity.
3: λ← 0 . Log likelihood.
4: Γ← 0 . Sample responsibilities.
5: for k ∈ [0, |µ|) do
6: ξk ← log

√
2πσ2

k
7: pk ← log pk
8: for i ∈ [0, |f |) do
9: if pk > 0 ∧ ai > 0 then

10: r ← fi − µk

11: Γk,i ← ξk + pk − r2/2σ2
k

12: end if
13: end for
14: end for
15: for i← 0→ |f | do
16: if ai > 0 then
17: γ ← |µ|

max
k=1

Γk,i

18: λi ← γ + log
|µ|∑
k=1

exp (Γk,i − γ)

19: λ← λ+ λi

20: for k ∈ [0, |µ|) do
21: Γk,i ← exp (Γk,i − λi)

22: end for
23: end if
24: end for
25: return λ,Γ
26: end procedure

These functions returned closely matching cen-
troids with simulated GMM components, but nu-
merical collapse against sparse pyknogram data re-
quired additional guards (cf. Algorithm 1, line 10).
To avoid spurious centroids, we took inspiration
from Melnykov and Melnykov’s (2012) method
of progressively removing points during initializa-
tion. However, their algorithm required running
multiple EM or EM-like steps to split and merge
proposed clusters, which our time budget could not
accommodate due to the attendant latency. Conse-
quently, we replaced the closest neighbors metric
with spectral gravity measures taken at each con-
tributing point with respect to all the other points
in the system.

In early development, we found that random or
equidistant initialization tended to gravitate toward
the area around F0/F1 with the highest concentra-
tions of absolute energy. The spectral gravity ini-
tialization method came out of our best intuition on
what might constitute a global view of the spectral
energy landscape. We wanted to give the best op-
portunity for mid-spectrum formants (e.g., F2, F3)
in vowels like /i/ and /I/ to be recognized despite
the relative post-filtration scarcity of neighbors.

We modeled our system on Newton’s law of
universal gravitation (Newton, 2009 [orig. 1686])

in order to assign the most weight to concentrated
clusters of spectral energy and quickly diminish the
impact of spectrally distant points. While quadratic
in time and space complexity, time savings can
be gained in the average case due to the sparsity
of a pyknogram appropriately filtered to remove
undesired noise.

To avoid missing critical formant centers whose
neighbors had been filtered out, we oversampled
the maximum cluster count K = 4 by a factor of
2 and selected the most probable clusters, merging
and updating candidate probabilities per Algorithm
4, the gist of which follows.

Algorithm 4 Spectral Gravity Initialization for EM
1: procedure SPECTRALGRAVITYINIT(θg , f , a)
2: . NB: Log space variables underlined for clarity.
3: a← loga
4: µ,σ2,p,g,G← 0
5: for i ∈ [0, |f |) do
6: for j ∈ [0, |f |) do
7: if ISNORMAL(ai) ∧ ISNORMAL(aj) then
8: if i = j then
9: Gi,j ← exp ai

10: else if ISNORMAL(fi − fj) then
11: Gi,j ← exp(aj2 log |fi − fj |)
12: end if
13: end if
14: end for
15: gi ← gi +Gi,j

16: end for
17: k ← 0
18: while k < 2K do
19: ω ← argmax g
20: if gω = 0 then break
21: pk, µk, σ

2
k ← 0

22: for i ∈ [0, |f |) do
23: if ¬ISNORMAL(ai) ∨ gi = 0 then continue
24: if Gω,i < θg then continue
25: for j ∈ [0, |f |) do
26: if gj > 0 then gj ← gj −Gj,i

27: end for
28: pk ← pk + exp ai

29: µk0 ← µk

30: µk ← exp(ai)|fi − µk|/pk
31: σ2

k ← exp(ai)|fi − µk||fi − µk0|
32: end for
33: if pk = 0 then continue
34: if |µk − µj | < σj | j < k then
35: Merge with the closest cluster.
36: else
37: Create a new cluster and increment k.
38: end if
39: end while
40: Sort clusters by descending pm|0 ≤ m < k.
41: Zero out clusters with index m > min(K, k).
42: Reassign equal pm to valid clusters.
43: Reorder valid clusters by ascending µm.
44: end procedure

1. Spectral gravity is measured at each contribut-
ing pyknogram sample from the perspective of
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an observer with unit “mass.” These pairwise
gravity contributions are memoized.

2. Until the quota of 2K centroids (twice the
desired number) has been reached or all sam-
ples have been exhausted, the sample with the
maximum remaining gravity is selected.

3. All samples with gravity “pull” from this se-
lected sample greater than the threshold θg
are removed from consideration and add their
“mass” to the cluster.

4. The cluster around the selected sample is
merged if it falls within the standard devia-
tion radius of an extant cluster. Otherwise, it
forms a new cluster and increments k.

5. Once the search finishes, the most probable
K or fewer clusters are designated as for-
mants and reordered by ascending mean and
given equal probability to prevent stagnation
when the EM algorithm is applied. Each band-
width radius is normalized as max(σk, µk/4)
to cover singleton clusters with zero variance.

The choice of K = 4 stems from practical con-
siderations. K < 4 would yield lower homogeneity
with identifications concentrating around F0 and
F1, e.g., at K = 2. K > 4 would likely suffer
more oversegmentation, possibly at every frame.

Additionally, we simplified Yantosca and
Cheng’s (2025) one-hot similarity tactic for reduc-
ing oversegmentation by applying the following
inequality against the similarity floor θ1:

θ1 ≤ 1−
∑B

b=1(fb,t−1 > 0)⊕ (fb,t > 0)

maxBb=1 b | fb,t−1 > 0, fb,t > 0
(1)

If the count of band flips between frames drives
the quantity below θ1, a formant check decides
similarity. In the formula, the numerator sums the
band flips from hot to cold or vice versa. The
denominator is the index of the highest hot band.
Using the highest hot band across both frames as
the denominator helps distinguish voiced sounds
whose lack of high frequency energy might mask
salient differences at lower frequencies.

Yantosca and Cheng’s (2025) original method
counted one-hot similarity across all bands without
distinction, which led to an almost guaranteed min-
imum 50% similarity at 8 KHz Nyquist frequency
for voiced sounds. Using the highest hot frequency

as the cutoff for similarity comparison picks up
on more minute differences between neighboring
voiced sounds.

4 Experimental Setting

Table 1 describes the environment used for
testing and comparing Xu et al.’s (2021)
Wav2Vec2Phoneme (W2V2P) wav2vec2-xlsr-
53-espeak-cv-ft model derived from XLSR-53
(Conneau et al., 2021), Li et al.’s (2020) Al-
losaurus (Allo) model, McAuliffe et al.’s (2017)
Montreal Forced Aligner (MFA) v3.3.8, and Yan-
tosca and Cheng’s (2025) ARTIC/Phonotomizer
(A/P) v3.0.13 augmented with the formant estima-
tion algorithms described in this paper.

Parameter Value
OS Ubuntu 24.04
CPU Intel® Core™ i9-10900X, 3.70 GHz
Cores 10 cores × 2 threads
Memory 128 GB
Build System GNU make + g++ 13.3.0

Table 1: Experimental System Specifications

The Mozilla Common Voice project (version:
22.0-2025-06-20) supplied Irish, Twi, and Votic
sound samples (The Mozilla Foundation, 2025).
The project’s public availability and commitment
to data sovereignty of contributors (e.g., the ability
to withdraw contributions upon request) coupled
with the ease of use and organization of data led us
to select these datasets for our experiments.

To support post-hoc evaluation, gold labels
were manually transcribed as TextGrids in Praat
(Boersma and Weenink, 2023). Irish transcriptions
covered at least one clip per speaker of the “train”
and “dev” partitions. Twi transcriptions fully cov-
ered the “train” and “other” partitions of the 2022
version of the corpus, though the 2025 version al-
tered the clip partitioning and added new speakers.
Votic transcriptions nearly covered the “train” and
“test” partitions excepting two “train” clips which
induced physical pain in the listener due to distor-
tion artifacts and one “test” clip which was inadver-
tently omitted. Table 2 quantifies the transcription
distribution.

For Phonotomizer, we varied one-hot similarity
and pairwise gravity thresholds and EM deadlines
and fixed all other hyperparameters per Table 3.
Parameter fixations were based on the results and
discussion from Yantosca and Cheng (2025) and
observations made during development. Focusing
on the formant estimation performance, we tested
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Language Partition Clips Speakers
Irish train 56 / 916 37 / 37
Irish dev 55 / 739 51 / 51
Twi train 204 / 205 1 / 1
Twi test 8 / 20 2 / 8
Twi other 16 / 47 1 / 10
Votic train 94 / 96 1 / 1
Votic test 6 / 7 3 / 3

Table 2: Manual Transcription Coverage

Phonotomizer’s online-training, zero-shot mode
but did not train language-specific models.

Parameter Value
Band spacing Logarithmic
Band count (B) 160
Filter order (O) 4
DESA Algorithm DESA-1
Confidence threshold (zb) implicitly derived
Noise floor (ν) 0.01
Sample Rate (r) 16 kHz
Data frame size (Nt) 160 samples (10 ms)
One-hot similarity (θ1) 0.75, 0.85, 0.99
Pairwise gravity (θg) 10−6, 10−7, 10−8

EM deadline (dEM) 200, 500, 1000 (µs)

Table 3: Phonotomizer Evaluation Parameters

Because Wav2Vec2Phoneme does not provide
explicit timing information, we calculated the tim-
ing from the model’s sample rate (16 kHz) and
frame size (20 ms) and correlated the frame identi-
fiers with frame index time derivations. Allosaurus
provides timestamps, but some segments may over-
lap, which the Praat TextGrid format does not ad-
mit. Because the durations reported by Allosaurus
are constant (45 ms) regardless of actual phone
length, we favored the start timestamp and trun-
cated durations which bled into subsequent phones.
Otherwise, we used the given duration since we had
no alternative basis for calculating phone duration.

For MFA, we trained on the given Mozilla
Common Voice dataset partitions separately and
evaluated the training alignments, skipping cross-
validation to provide steel man baselines. Simi-
larly, we used the Allosaurus aka, gle, and vot
language-specific models on Twi, Irish, and Votic,
respectively. Although we used the base model
for W2V2P, the training of XLSR-53 included an
earlier release of the Irish corpus.

5 Results

5.1 Model Performance
In order to compare the generated alignments, we
followed Yantosca and Cheng (2025) in using the
clustering metrics of completeness (c), homogene-

ity (h), and normalized mutual information (NMI).
An overview of performance is given in Table 4.

Model c h NMI
Allo 0.388±0.095 0.608±0.287 0.811±0.369
W2V2P 0.540±0.046 0.133±0.026 0.216±0.033
MFA 0.773±0.079 0.604±0.090 0.678±0.081
A/P 0.637±0.082 0.746±0.154 0.677±0.080

Table 4: Average Clustering Metrics Overview

One sees the detriment to alignment of discard-
ing timing information. Wav2Vec2Phoneme’s poor
homogeneity is likely a penalty for marking so
many speech frames as padding. In general, we
found that the identified phone frames seemed to
correspond with the end of the identified phone,
but there was no reference back to its start. While
a heuristic method might be devised to derive the
start times, the information lost due to conflation
of silence with speech frames cannot be systemati-
cally recovered. In any case, Wav2Vec2Phoneme
did not employ such a heuristic.

Allosaurus favors homogeneity and has the best
NMI score, but its standard deviation exceeds the
others by an order of magnitude, suggesting incon-
sistent performance. The starting timestamp and
constant duration provided by Allosaurus seemed
to yield better results than Wav2Vec2Phoneme,
but phones do not have uniform duration, even
within the same phone. In the Votic samples, we
frequently observed epenthesis, i.e., insertion of
barely perceptible “helper” vowels to aid articula-
tion. Fast or truncated speech was also common
in the Irish samples. Such speech features may get
missed at a 45 ms or even 20 ms granularity.

After establishing optimal values for the variable
parameters, we examined the performance across
all four models. Fig. 1 corroborates Table 4. Phono-
tomizer’s performance clusters around a high ho-
mogeneity with comparatively better completeness
than Allosaurus or Wav2Vec2Phoneme.

Allosaurus appears slightly more consistent on
completeness but shows volatility on homogeneity.
Wav2Vec2Phoneme exhibits extremely poor homo-
geneity and consistent but mediocre completeness.

The linguistically oriented models have the best
alignment coherence, though Phonotomizer and
MFA optimize for different trade-offs as evidenced
by the mutual reflection across the diagonal. MFA’s
performance depended heavily on the training par-
tition size with a break point requiring around
100 samples to achieve best performance. Phono-
tomizer’s zero shots required no pre-training.
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Figure 1: Completeness (c) vs. Homogeneity (h) Across
All Models. Upper right corner is best. A/P and MFA
outperform Allosaurus and W2V2P in alignment coher-
ence but differ in trade-off philosophy.

5.2 Optimal Parameter Selection

To inform our optimal parameter selection, we vi-
sualized the hyperparameter variation’s trade-off
between over- and undersegmentation as a 2D plot
of corresponding pairs of completeness and homo-
geneity scores. Completeness (c), which diagnoses
oversegmentation, occupies the horizontal axis, and
homogeneity (h), which diagnoses undersegmenta-
tion, occupies the vertical. Toward the upper right
corner indicates better performance with (1,1) indi-
cating perfect completeness and homogeneity.

We observed the greatest distinction when vary-
ing the one-hot similarity threshold θ1 as depicted
in Fig. 2. The tightest, most performant grouping
occurs when θ1 = 0.99. The centers of the other
clusters have slightly better completeness, but the
lack of consistency and significantly poorer homo-
geneity recommends the usage of θ1 = 0.99. The
highness of this optimal value seems to indicate
an improved robustness in the formant similarity
check in addition to the more adaptable formula
this paper introduces.

Examining the EM algorithm deadline variance
shown in Fig. 3, one has difficulty distinguishing
an advantage for any particular value. This sug-
gests that the spectral gravity initialization method
picks the targets well enough that the EM converges
quickly in the average case. However, the tested
dataframe size of 10 ms leaves little overhead room,
so in the interest of timeliness, the 200 µs deadline
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Figure 2: A/P Completeness (c) vs. Homogeneity (h)
Varying the One-Hot Similarity Threshold (θ1). Setting
θ1 = 0.99 scores highest most consistently.

would probably be best, especially since the algo-
rithm has to run twice: once for the incoming frame
and again for the accumulated candidate segment.

Drilling down further, Fig. 4 illustrates the ef-
fect of varying the pairwise gravity threshold θg,
controlling for θ1 and dEM at their respective op-
timal values. Distinction is again difficult, but a
slight trend favors completeness as θg diminishes
to increase inclusion and favors homogeneity as θg
increases. Intuition would commend the median
θg = 10−7, but given Phonotomizer’s struggle with
oversegmentation, biasing toward the slightly bet-
ter completeness of θg = 10−8 produces the best
visual coherence (cf. Figs. 5, 6, and 7).

The formant selections show dramatic improve-
ment compared to Yantosca and Cheng (2025). The
relative emptiness due to filtration of the 4–8 kHz
range for voiced sounds supports the changes to
the one-hot similarity formula in this paper. The
observed oversegmentation primarily seems to im-
pact nasals, rhotics, and approximants, which can
traverse critical bands of hearing and manifest as
diagonal spectral bands (e.g., between 1–2 kHz
around 1.75 s for the /w/ in "asamoa" in Fig. 5).
One of the challenges for nasals seems to be the rel-
ative absence of spectral energy and consequently
distinguishable formants, especially in word-initial
position (cf. the /m/ and /n/ in "minim" between
0.8–1.1 s in Fig. 5). In these cases, the revised one-
hot similarity metric may be working against our
intent by drastically the reducing the envelope of
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Figure 3: A/P Completeness (c) vs. Homogeneity (h)
Varying the EM Algorithm Deadline. Deadline setting
seems to have little discernible effect on outcome when
controlling for θ1 at its optimal value, suggesting initial-
ization places the formant centers close to convergence.
dEM = 200 µs offers more headroom for 10 ms frames.
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Figure 4: A/P Completeness (c) vs. Homogeneity (h)
Varying the Pairwise Gravity Threshold θg. In terms
of scoring, θg ∝ 1/c and θg ∝ h when controlling for
θ1 and dEM. θg = 10−8 gives Phonotomizer the best
completeness boost to combat oversegmentation.

consideration. Characterizing formants as bivariate
Gaussian mixtures whose 2nd dimension measures
the formant frequency center step change might
offer some improvement.

6 Conclusions

The spectral gravity-based algorithm introduced in
this paper enhanced the formant estimation and con-
sequently the segmentation alignment compared to
the results achieved by Yantosca and Cheng (2025)
and the current state of the art. Some improvements
remain for phones with unstable or traveling for-
mants which defy simple, scalar characterization.
In future work, we intend to investigate methods
for tracking and incorporating these step changes.

Despite the recent interest in making this prob-
lem space tractable, research efforts in this vein
seem to have flagged. Allosaurus has not seen up-
dates in 5 years, and public inquiries into tools for
phonemic and phonetic segmentation remain unan-
swered (e.g., Anonymous, 2022a; Anonymous,
2022b; Anonymous, 2023).

The accent bias of solutions that rely on G2P con-
verters to establish ground truths indicates a need
for further research into phonetic segmentation and
classification. The literature does not discuss miti-
gation strategies for this issue, and without strong
interdisciplinary collaboration with linguists and
other experts, computer scientists working in this
space may not be aware of these sources of bias.

As a case in point, Wav2Vec2Phoneme never
identified Twi’s voiceless alveolo-palatal frica-
tive /C/ as such out of the 52 instances of the
phone we observed in our gold manual tran-
scriptions (105 including the affricate /tC/ in the
count). It consistently substituted some other
phone, most frequently /S/. Similarly, we noticed
that Wav2Vec2Phoneme favored /o/ over /O/ across
the board in both Twi and Votic, despite the latter’s
phonological importance in Twi and our observa-
tion of at least one Votic speaker who consistently
rendered the “oo” orthographic digraph as /oO/.

We consider the problem space vital to increas-
ing scientific understanding of human speech and
linguistic processes and predicting future language
trends, e.g. rhotacization, metathesis, and compen-
satory vowel lengthening. Both human and ma-
chine audition depend on accurate timing, and as
this work shows, advancement in speech analysis
occurs when the research question asks not only
what but also when.
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Figure 5: Pyknogram of Twi utterance “minim sE asamoa nim” (English: “I know that heaven knows.”) in grayscale.
θ1 = 0.99, θg = 10−8, dEM = 200 µs. Formant selections at segmentation intervals in red. The segmentation and
formant selection exhibit material improvement compared to Yantosca and Cheng (2025), and the revised formant
estimation permitted the noise floor (ν) to drop from 0.05 to 0.01 for a more detailed spectrogram.
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Figure 6: Pyknogram of Votic utterance “õravõ eb õõ laivõz” (English: “There is no squirrel in the boat.”) in
grayscale. θ1 = 0.99, θg = 10−8, dEM = 200 µs. Formant selections at segmentation intervals in red. English
translation pieced together from grammatical notes by Markus and Rozhanskiy (2022) and the online machine-
readable Votic dictionary (Ylonen, 2025) generated by Wiktextract (Ylonen, 2022). The hypothesized second /l/ in
“laivõz” may in fact be /B/, but the clip quality makes determination difficult. Spurious formant estimates outside the
primary area of interest indicate noise which exceeded the noise floor.
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m e ʃʲ æ̃ n tʃʲ o m ɑ ɹ ə xɪ

Figure 7: Pyknogram of Irish utterance “An mbeidh sé anseo amárach?” (English: “Will he be here tomorrow?”)
in grayscale. θ1 = 0.99, θg = 10−8, dEM = 200 µs. Formant selections at segmentation intervals in red. The
speaker completely elides the particle “an.” On a clip like this, a G2P converter would insert extra phones, and
text-dependent aligners would likely derail. Multiple blip artifacts contributed to Phonotomizer’s oversegmentation.
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7 Limitations

7.1 Gold Label Accuracy
Gold labels were transcribed solely by the primary
author. Manual transcription is inherently sub-
jective, and one would ideally employ multiple
transcribers including native speakers to normalize
inter-transcriber disagreement. However, the au-
thors did not have funding at the time of writing to
support a fair wage for transcription.

The gold label datasets are tracked for source
control purposes via git. Abbreviated commit
hashes of the revisions used in experiments are
listed below:

• Irish (goldgrids-gle): fef9c60

• Twi (goldgrids-twi): 773e89e

• Votic (goldgrids-vot): 36d9449

7.2 Experimental Parameters
Testing was executed solely on Linux (Ubuntu
24.04). Phonotomizer introduced limited support
for execution on MacOS and Windows via Docker
in v3.0.10, but the lack of support for micro-
benchmark timing on AMD or aarch64 processors
precluded examination of the deadline-bounded
EM algorithm on these platforms and architectures.

Originally, we had run our experiments against
ARTIC/Phonotomizer v3.0.12 but discovered a
micro-benchmark timing bug that inflated the crys-
tal clock frequency by two orders of magnitude
due to an apparent misreading of the source for the
Linux kernel project’s turbostat utility (Torvalds
et al., 2025), conflating the crystal clock frequency
derived from cpuid 015h with the base CPU fre-
quency derived from cpuid 016h. The system
we tested does not provide crystal clock frequency
programmatically, so the value must be inferred
from the Intel Software Developer’s manual (Intel
Corporation, 2022).

A second bug masked this discrepancy by coerc-
ing the value into a 32-bit unsigned integer, thereby
truncating it to the expected gigahertz range. Con-
sequently, when we re-ran the experiments with
ARTIC/Phonotomizer v3.0.13, which fixed the bug,
the results were virtually indistinguishable in the
aggregate, validating our prior analysis, albeit with
slightly improved stage timing for the v3.0.13 runs
since the TSC frequency value rose from 2.864
GHz (truncated from an erroneous 569.8 GHz) to
the correct 3.696 GHz for the system tested.

ARTIC/Phonotomizer v3.0.13 also added provi-
sional support for AMD processors via empirical
TSC frequency sampling per Downs (2024) since
reading the requisite machine specific registers
(MSRs) would have required root permissions (Mc-
Calpin and Downs, 2023). Support for aarch64
processors was added via the cntfrq_el0 (Arm
Limited, 2025a) and cntvct_el0 (Arm Limited,
2025b) instructions.

Initial validations on a laptop with an AMD
Ryzen 7 chip and on a Raspberry Pi 500 desktop kit
yielded reasonable timings, but we did not run the
entire set for the sake of brevity. We plan to extend
our testing to these platforms in future work.

7.3 Competitive Baselines
The evaluations of MFA only included training
alignments, and Phonotomizer was only run in zero-
shot mode. In future work, we would like to extend
our evaluation suite to more comprehensive par-
tition cross-validation and cross-lingual tests. In
order to sufficiently explain the novel algorithms
introduced in this paper, we constrained our focus
during evaluation accordingly.

7.4 Speaker Diversity and Dataset
Composition

The Irish Common Voice dataset had a balanced
speaker count between the “dev” and “train”
datasets. The lower resource Twi and Votic Com-
mon Voice datasets only had a handful of speakers.
The “train” partitions of Twi and Votic each had
samples from one speaker who had made the ma-
jority of contributions to their respective data sets.

Since Mozilla Common Voice datasets are com-
prised purely of volunteer contributions, it is diffi-
cult to control for speaker diversity, especially for
languages as critically endangered as Votic.

Although Mozilla has recently taken steps to
ensure a better balance between partitions, there
is still room for improvement on partitioning, val-
idation, and reporting of errors or offensive lan-
guage. In one case with the Twi dataset, we noted
a clip whose reason for getting flagged was the Twi
variant to which it belonged. Two of the phrases
marked offensive in the Irish dataset seem to be
false positives unless there is a cultural context
of which the authors are unaware. The phrases
themselves appear to be stock sayings that appear
routinely in dictionaries and grammars. Neverthe-
less, we did not reiterate any speech that could
potentially be considered offensive in the paper.
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8 Ethical Considerations

Anonymous contributors to Mozilla Common
Voice datasets (The Mozilla Foundation, 2025) may
withdraw their data, but no such requests were re-
ceived for Irish, Twi, or Votic. In accord with the
license, no diarization was attempted.

To further protect the anonymity of the data,
statistics were given as broad aggregates, and
points in scatter plots of the clustering metrics
were presented without identifying labels. Salient
spectrogram examples only listed the speaker’s lan-
guage, phonetic transcription, orthographic tran-
scription, and English translation without identi-
fying the Mozilla Common Voice speaker ID or
the dataset partition to which the clip belonged,
and the sentences were all from scripted sentences
determined by the project, as opposed to the re-
cently introduced spontaneous speech collections
available with some datasets.

No large language models (LLMs) were em-
ployed to write or edit this paper nor to develop the
formant estimation algorithm or any other original
code used in experiments.

The authors followed the ethical considerations
established by Yantosca and Cheng (2025) with
respect to usage of third-party research products.
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A Appendix

To quantify the impact of one-hot similarity and
formant estimation changes, we ran Phonotomizer
v3.0.6 as well against the dataset from Table 2 with
the parameters from Yantosca and Cheng (2025)
(ν = 0.05, θ1 = 0.5) and this paper (ν = 0.01,
θ1 ∈ {0.75, 0.85, 0.99}) as shown in Table 5.
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Version θ1 g ν n c h NMI

v3.0.13

0.75
10−6

0.01

1320 0.665±0.097 0.586±0.112 0.618±0.086
10−7 1320 0.669±0.096 0.565±0.116 0.607±0.090
10−8 †1317 0.672±0.099 0.554±0.104 0.603±0.083

0.85
10−6 1320 ‡0.629±0.070 0.818±0.074 0.710±0.051
10−7 1320 0.640±0.069 0.800±0.072 0.710±0.052
10−8 1320 0.650±0.070 0.779±0.072 0.708±0.052

0.99
10−6 1320 0.591±0.057 0.886±0.056 0.709±0.045
10−7 1320 0.603±0.056 0.872±0.054 0.714±0.044
10−8 1320 0.614±0.057 0.854±0.053 0.715±0.044

v3.0.6

0.50

N/A

0.05 440 0.676±0.060 0.805±0.074 0.734±0.046
0.50

0.01

440 0.630±0.067 0.837±0.040 0.720±0.047
0.75 440 0.554±0.054 0.913±0.040 0.691±0.044
0.85 440 0.522±0.049 0.936±0.042 0.671±0.043
0.99 440 0.516±0.049 0.940±0.043 0.668±0.042

† One quiet clip did not generate segmentations and was not scored. All versions performed poorly on this clip.
‡ Rows highlighted in yellow indicate where parameters yielded generally coherent segmentations with best scores in bold.

Table 5: Average Phonotomizer Clustering Metrics by Version and Parameter Selection

Phonotomizer v3.0.6 with Yantosca and Cheng’s
(2025) original parameters achieves the best Nor-
malized Mutual Information (NMI) and complete-
ness with high homogeneity. This paper’s optimal
parameter choice has the best NMI for v3.0.13.

Homogeneity decays in v3.0.13 at θ1 = 0.75
whereas completeness in v3.0.6 decays for θ1 ≥
0.75. Qualitatively sampling the v3.0.6 segmenta-
tions with θ1 ≥ 0.75 found oversegmentation at
nearly every frame. Despite the high homogeneity,
the lower NMI contraindicates these parameter val-
ues. The one-hot similarity check dominated the
segmentation decision with the formant estimation
preserving continuity against transient band noise
and providing the classification basis.

The v3.0.13 formant estimates surpass the naive,
one-pass approach of v3.0.6, especially for high-
frequency fricatives like sibilants. The band esti-
mator stage’s noise and harmonic suppression may
incur discontinuity across quiescent bands and in-
duce early termination of the v3.0.6 linear formant
search. The v3.0.13 spectral gravity method offers
a more holistic view of the energy distribution.

Fig. 8 depicts the average formants with stan-
dard deviation error bars for maximally distinct
pairs of fricatives and vowels. The discriminabil-
ity by formant is apparent in the v3.0.13 estimates.
Some v3.0.6 formant averages sink below their pre-
decessors (e.g., F4 < F3), most notably in Votic.

In v3.0.13, the high formants of /s/ and lower
formants of /h/ reflect the respective vocal tract
openness. The low F1 of /i/ and the high F1 of
/A/ demonstrate the inverse proportionality of F1
to vowel height. The high F2 of /i/ and relatively
lower F2 of /A/ also match expectations of direct
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Figure 8: Average Formant Estimates (F1–F4) by Gold
Phone, Phonotomizer Version, and Language. Averages
were derived from deinterleaving classification labels
and do not represent per-frame estimates. F1–F4 ap-
pear from left to right within each version/language
pair. v3.0.13 surpasses v3.0.6 in discriminability and
accuracy, but variance is still high, possibly from spuri-
ous formant selection or classification bleed across gold
phone boundaries. The relative distinctions between
fricative and vowel pairs follow expectations.
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proportionality to the degree of fronting (Lade-
foged, 1993) (Rozhanskiy and Markus, 2017).

Although there is room for improvement,
v3.0.13 presents a more accurate and linguistically
coherent picture of the formant soundscape than
v3.0.6. The groundwork laid here should facilitate
better results in future experiments.
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