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Abstract

We present a blank-aware decoding approach for transcript-free phoneme alignment with CTC-based speech
foundation models, designed to improve annotation bootstrapping in low-resource languages. While CTC models
provide frame-level phoneme posteriors without requiring transcripts, greedy decoding produces blank-dominated
and temporally unstable segmentations that are difficult to correct manually. Our approach introduces two training-
free blank-resolution strategies operating directly on CTC logits: (i) confidence-ratio substitution, which promotes
competitive non-blank hypotheses relative to the blank symbol, and (ii) recursive context adjustment, which enforces
local contextual consistency within blank spans. Experiments on English (TIMIT) and on Sardinian and Tyrolean dialect
corpora show consistent improvements in boundary F1 prediction, phoneme duration regularity, and segmentation
stability over greedy CTC decoding. Although absolute boundary deviations remain higher than transcript-conditioned
aligners, the resulting alignments are structurally coherent and suitable for manual correction. A post-hoc phoneme-
class analysis further reveals systematic asymmetries in blank resolution, highlighting complementary roles of local
acoustic evidence and contextual cues, and outlining prominising venues for future improvements.

1. Introduction and Motivation

Developing speech corpora for low-resource and
under-documented languages is a demanding pro-
cess. Beyond the challenges of data collection
and audio recording, the most critical bottleneck
lies in annotation, especially phonetic ones. Many
low-resource varieties lack a standardized orthog-
raphy, requiring phonetic rather than orthographic
transcription (Le Ferrand et al., 2025). Such anno-
tation demands trained phoneticians, who are even
more scarcely available for minority and dialectal
languages, in contrast to standard varieties. More-
over, for speech analysis, corpus development, and
model interpretability studies (Pasad et al., 2024;
Choi et al., 2024), annotations must be time-aligned
at either word or phoneme level. Producing tem-
porally precise phonetic boundaries manually is
labor-intensive and represents a major obstacle to
scaling documentation efforts.

Automatic forced alignment systems can alle-
viate this burden when transcripts are available.
Classical HMM-based aligners and modern neu-
ral aligners achieve high boundary accuracy under
transcript-conditioned decoding (Young et al., 2006;
Schiel, 1999; McAuliffe et al., 2017). However, in
genuinely low-resource settings, transcripts may
be unavailable, unreliable, or themselves be costly
to produce. Transcript-free alignment therefore rep-
resents an appealing alternative for bootstrapping
phonetic annotation (Draxler, 2022).

Connectionist Temporal Classification
(CTC)—based speech foundation models provide
frame-level posterior distributions over phoneme
vocabularies without requiring alignment su-

pervision during training (Graves et al., 2006).
This makes them promising candidates for
transcript-free phoneme alignment. In practice,
however, greedy CTC decoding yields unstable
and fragmented boundaries. The dominant cause
is the pervasive presence of the blank symbol in
the decoding path: most frames are assigned to
blank, with sparse non-blank emissions separated
by long blank spans (see Figure 1). As a result, raw
transcript-free CTC outputs lack strong temporal
anchoring and are poorly suited for direct use
in annotation. This dominance of blank is not
incidental but a structural consequence of the
CTC objective. By marginalizing over all possible
frame-to-label alignments, CTC allows the blank
symbol to absorb temporal uncertainty, functioning
as a buffer between phoneme predictions. The
learned posteriors therefore become "peaky"
concentrating mass on blank except at a few
frames (Huang et al., 2024; Zeyer et al., 2021).
While transcript-conditioned forced alignment
constrains this uncertainty via Viterbi decoding
against a known phoneme sequence (Yang et al.,
2023), the transcript-free case lacks such structural
guidance, leading to boundary instability.

Crucially, we observe that blank frames are not
informationally empty. Although blank often dom-
inates the top-1 decoding path, the posterior dis-
tribution over non-blank symbols typically exhibits
structured alternatives. The second-highest prob-
ability frequently aligns with either the preceding
or the following phoneme prediction, or with a
phoneme acoustically consistent with the surround-
ing context. This indicates that blank spans en-
code latent phonetic structure rather than random
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Figure 1: Two blank-handling strategies: (1) Confidence-ratio substitution; (2) Recursive context adjustment.

noise: the model maintains contextual continuity
signals beneath blank dominance. Transcript-free
CTC outputs are therefore not arbitrary but struc-
turally underdetermined. We argue that improving
transcript-free alignment requires recovering this
latent structure instead of suppressing blanks indis-
criminately. To this end, we introduce two comple-
mentary, training-free blank-resolution strategies
that operate directly on CTC posteriors. The first,
confidence-ratio substitution, promotes a non-blank
hypothesis when it is sufficiently competitive rela-
tive to the blank. The second, recursive context
adjustment, resolves blank segments by enforcing
consistency with neighboring predictions within a lo-
cal window. Both strategies exploit structured com-
petition in the posterior distribution without modi-
fying the acoustic model. We evaluate these ap-
proaches on TIMIT (Garofolo et al., 1993) for En-
glish as a controlled benchmark, on a Sardinian
(Chizzoni and Vietti, 2025) dataset and an in-house
Tyrolean dialect corpus representing realistic low-
resource conditions. A post-hoc analysis further
reveals systematic phoneme-class asymmetries:
vowels exhibit strong context-driven blank reso-
lution, while obstruents remain locally anchored.
These findings help understand when and why
blank-handling strategies are effective and demon-
strate that transcript-free CTC alignment can serve
as a practical bootstrapping tool for low-resourced
languages phonetic corpus development.

All code and evaluation scripts is available at
Github.

2. Related Work

Classical forced alignment is typically performed
with HMM pipelines such as HTK (Young et al.,
2006), MAUS (Schiel, 1999), and Montreal Forced
Aligner (MFA) (McAuliffe et al., 2017). With ac-
curate transcripts these systems deliver strong
boundary accuracy, but they are difficult to de-
ploy in low—resource scenarios where transcrip-

tions are noisy or unavailable. Neural approaches
increasingly rely on end-to-end ASR models trained
with Connectionist Temporal Classification (CTC)
(Graves et al., 2006). Torchaudio’s alignment API
(Yang et al., 2023) performs Viterbi alignment on
CTC posteriors conditioned on transcripts, but it
does not address the transcript-free case. Par-
allel work in zero-resource learning targets unsu-
pervised phoneme segmentation: the ZeroSpeech
benchmarks (Dunbar et al., 2017; Zhang et al.,
2020) have fostered methods based on clustering
(Ondel et al., 2016), self-supervised representa-
tions (Baevski et al., 2020), and predictive cod-
ing (Liu et al., 2022). These techniques discover
units but lack phoneme-level temporal precision.
Closer to our setting are decoding heuristics from
ASR—confidence thresholding (Hwang and Sung,
2016), top-k rescoring (Watanabe et al., 2017), and
blank suppression (Liu et al., 2021). While effec-
tive for recognition, they have not been system-
atically studied for transcript-free alignment. Our
work adapts these ideas to alignment, proposing
training-free, confidence- and context-aware de-
coding directly on CTC logits. In addition, we pro-
vide a post-hoc perturbation and reliability analysis
across broad phoneme classes, clarifying when
local acoustic evidence versus contextual cues re-
solve blanks, an angle missing from prior alignment
studies.

3. Proposed Methods

Let z, € R® be the CTC logits at framet =1,...,T
over the phone vocabulary V augmented with the
blank symbol @. Posteriors refer to the frame-level
probability distribution over phoneme labels ob-
tained by applying a softmax to the CTC logits. Let
(c§k>7p§k>)k=1 denote the top-K symbols and proba-
bilities at frame ¢ in descending order (K € {2, 3,4}
in our code). The blank ID is the tokenizer pad ID,
and we write ¢ = @ when ¢ equals that ID. A frame-
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wise label sequence ;.7 is converted to segments
by merging consecutive identical labels.

3.1. Confidence-ratio blank substitution

CTC paths are dominated by blanks (c§1> = o).
We replace a blank at ¢ with a non-blank candidate
only if its posterior is sufficiently competitive rela-
tive to the blank, as measured by their ratio — the
confidence ratio (CR):

ct(k*>, if c£1> =g

p(k)
Uy E*=mincke{2,...,K}: 2 >71

(1)
t

S
o~
Il

(1)

¢/, otherwise.

(1)

where 7 € (0,1) is a ratio threshold. The ratio
condition ensures that a candidate phone is com-
petitive with the blank. This heuristic thus keeps
blanks by default and only replaces them when a
competing phone is strong relative to the blank.

3.2. Recursive Context Adjustment

3.2.1. Proto-segmentation

We first compress the top-1 sequence
into proto segments S; = (t,t¢), i =
1,...,M, each carrying its top-K list
;= ("), (,p?), (e, p¥) ). Leading

blanks are dropped until the first non-blank
appears.

3.2.2. Neighborhood set

For a given position i, ; denotes the set of first-
choice candidates ¢! occurring within a window
of w (w = 2) positions to the left and the right of
i, excluding the current position and restricted to
valid indices j € [1, M]

Ni={V |jefi—w,...,i-1, )
i+1,...,i+wln[l,M]}.

3.2.3. Blank resolution rule

For any blank proto segment (cz(.l) = @), we look
for an alternative among its top-K candidates that
is context-consistent:

max p(-k), Ei:cl(-k*) (3)

k* = arg i
ke{2,.,K}, M en;

If such a candidate exists, we promote it to the
top of I, (i.e., swap with c§1>); otherwise S; remains

blank. Because promoting S; can change the neigh-
borhoods of S;.4, we sweep overi=1... M and
apply (3) repeatedly until no segment changes:

Y« AdjustOnce(II™) until 0+ =117,

3.3. Post-Processing

Termination is guaranteed in finite steps because
each successful update replaces a blank top-1 with
a non-blank and no rule reintroduces blanks. Fi-
nally, any residual blanks are discarded and con-
secutive identical labels are merged into phone seg-
ments. Importantly, boundary timestamps are pre-
served as predicted by the decoding path; no addi-
tional boundary snapping or temporal re-alignment
is performed during merging. Finally, optional lead-
ing and trailing silence segments are added using a
simple energy-based detection criterion, based on
low short-time signal energy, in order to avoid artifi-
cial padding at utterance boundaries. These steps
preserve the decoding semantics while producing
well-formed segments for evaluation.

4. Experimental settings

4.1.

Both blank-resolution strategies introduce a small
number of decoding hyperparameters: the thresh-
old 7 for confidence-ratio substitution, and the num-
ber of alternative candidates K considered dur-
ing recursive adjustment. All hyperparameters are
selected via grid search without retraining, oper-
ating directly on the CTC logits. For confidence-
ratio substitution, we vary the ratio threshold 7 €
{0.05,0.1,0.2,0.3}. For recursive context adjust-
ment, we explore the number of considered alter-
natives K € {2,3,4}, corresponding to the top-K
non-blank candidates available at each blank seg-
ment.

Hyperparameters are tuned separately for each
dataset and speech condition. Our objective is not
to learn globally transferable decoding parameters,
but to optimize segmentation stability for each prac-
tical annotation scenario. Since the strategies are
decoding-only and do not modify model weights,
tuning does not affect the underlying acoustic repre-
sentations. The selection follows a multi-objective
criterion focused on segmentation quality. For each
configuration we compute (i) average boundary de-
viation (ABD), (ii) phoneme duration error (PDUR),
and (iii) boundary F1. Before aggregation, each
metric is normalized to [0, 1] using min-max scal-
ing across configurations, so that no single met-
ric dominates due to scale differences (ABD is
in milliseconds while F1 is bounded in [0, 1]). All
three metrics are treated as equally important, re-
flecting our practical prior that temporal accuracy,

Hyperparameter Selection
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duration regularity, and segment coherence are
all relevant to annotation bootstrapping; no prin-
cipled basis for differential weighting was avail-
able a priori. Metrics are averaged across files
within each dataset (and, for Tyrolean, within each
speech condition), and configurations are ranked
using the resulting aggregate score. Lower aggre-
gate scores indicate better overall trade-offs, cor-
responding to lower ABD and PDUR values and
higher boundary F1. Although phoneme error rate
(PER) was not used as a selection criterion, we
report it for completeness (Table 1). On both En-
glish (TIMIT) and Sardinian, confidence-ratio sub-
stitution leaves PER unchanged relative to greedy
decoding, while recursive adjustment slightly in-
creases PER (e.g., 0.29-0.33 on TIMIT). At the
same time, recursive adjustment substantially im-
proves boundary F1 and phoneme duration regu-
larity (Table 3). This pattern indicates that segmen-
tation stability and phoneme identity accuracy are
partially decoupled in transcript-free CTC decod-
ing. The proposed strategies primarily regularize
temporal structure rather than improving phoneme
classification, which justifies excluding PER from
hyperparameter optimization.

Dataset Strategy PER (%)

TIMIT Base 29
CR 29
Rec 33

Sardinian Base 47
CR 47
Rec 48

Table 1: Phoneme Error Rate (PER) for each de-
coding strategy on TIMIT and Sardinian.

PER is not reported for Tyrolean due to inven-
tory differences and limited phoneme normalization
across dialect-specific variants, which would make
cross-condition comparisons unreliable. Neverthe-
less, segmentation trends on Tyrolean mirror those
observed on TIMIT and Sardinian.

Dataset Condition CR (r) Rec (K)
TIMIT read 0.2 4
Sardinian  spont. 0.2 4
Tyrolean  read 0.05 3—4
Tyrolean  spont. 0.1-0.2 2

Table 2: Selected hyperparameters for confidence-
ratio substitution (CR) and recursive context ad-
justment (Rec), obtained via grid search. Tyrolean
results are reported separately for read speech and
spontaneous monologues.

Notably, spontaneous Tyrolean monologues fa-
vor a smaller context size (K = 2), in contrast
to other datasets where larger K values perform

better. This suggests that in highly variable spon-
taneous speech, broader contextual voting may
introduce instability, and more conservative blank
resolution is preferable.

4.2. Datasets

We evaluate on three speech corpora. The test
set of TIMIT (Garofolo et al., 1993) with a total of
34.35 minutes is used as a controlled benchmark,
providing manually time-aligned phoneme bound-
aries with 61 labels mapped to the standard 39-
phone set. In addition, to assess performance in
low-resource settings, we use two dialectal corpora
unseen during model training. The Sardinian cor-
pus contains extracts of longer monologues with a
total of 40 minutes of spontaneous Campidanese
speech from four speakers, manually annotated by
native-speaker phoneticians (Chizzoni and Vietti,
2025). The Tyrolean corpus comprises approxi-
mately 95 minutes of speech, including both spon-
taneous monologues and read speech, collected
and annotated by the authors, as part of an ongoing
documentation effort and not yet publicly released.
Together, the Sardinian and Tyrolean data repre-
sent realistic low-resource conditions with sponta-
neous speech, dialectal variation, and heteroge-
neous phoneme inventories.

4.3. Model and Features

All experiments use the wav2vec2-xlsr-53-
espeak—-cv-ft model, a multilingual phoneme-
level CTC system trained with espeak-generated
labels. The underlying XLSR-53 backbone is pre-
trained in a self-supervised manner on speech from
53 languages (Baevski et al., 2020), learning acous-
tic representations directly from raw audio without
supervision. The model is subsequently fine-tuned
to predict over a cross-lingual phoneme vocabu-
lary of roughly 360 IPA symbols plus the blank to-
ken, reflecting the union of phonemes across the
training languages (Xu et al., 2021). We chose
this model because its self-supervised pretraining
yields acoustically grounded representations that
are not conditioned on transcript alignment during
representation learning. Although the final CTC
layer is trained with G2P-derived phoneme labels,
the underlying encoder retains rich acoustic struc-
ture, making it particularly suitable for transcript-
free boundary inference. From this model, we ex-
tract frame-level posterior distributions at 20 ms
resolution and apply our decoding strategies for
boundary assignment.

5. Results and Discussion

Table 3 reports alignment results on the three cor-
pora: TIMIT, Sardinian, and Tyrolean. For corpus
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Figure 2: Example phoneme alignment on a Sardinian speech segment ("poi invitaus aterus grupus"; "and then they

invited another group"). From top to bottom: gold annotation, greedy CTC baseline, confidence-ratio substitution, and

recursive context adjustment.

Dataset Strat. ABD PDUR Prec F1
TIMIT Base 100.73 63.33 0.20 0.20
CR 100.57 62.04 0.21 0.21
Rec 11430 55.09 0.23 0.23
Sard. Base 137.38 71.38 0.17 0.17
CR 137.29 70.12 0.17 0.17
Rec 14235 62.87 0.23 0.23
Tyr-sent Base 98.52 57.63 0.26 0.26
CR 98.05 54.63 0.28 0.28
Rec 127.36 72.04 0.34 0.34
Tyr-mon Base 1025.87 69.97 0.25 0.24
CR 1025.79 66.53 0.27 0.27
Rec 856.49 88.65 0.32 0.32

Table 3: Average alignment scores across datasets.
CR = confidence-ratio substitution; Rec = recursive
context adjustment.

bootstrapping, an alignment is considered usable
when phoneme segments are temporally coher-
ent and require local correction rather than full re-
segmentation (Draxler, 2022). Therefore, we eval-
uate alignment quality using three complementary
segmentation metrics: average boundary devia-
tion (ABD, ms), phoneme duration error (PDUR,
%), and boundary F1. On TIMIT, the greedy CTC
baseline exhibits large boundary deviations (ABD
=~ 100 ms) and high duration error (PDUR =~ 63 ms),
confirming that raw CTC decoding paths are poorly
suited for temporal alignment. Both proposed blank-
resolution strategies improve segmentation quality
without supervision. Confidence-ratio substitution
yields a small but consistent reduction in ABD, while
maintaining comparable duration error and bound-
ary F1. Recursive context adjustment produces

the strongest improvement in duration consistency,
reducing PDUR from 63 to 55 ms, and also yields
the highest boundary F1. This comes at the cost
of increased ABD, revealing an explicit trade-off
between boundary anchoring and segment-level
regularization. Under the joint ABD—PDUR-F1 cri-
terion used for hyperparameter selection, recursive
adjustment provides the most favorable trade-off
under the chosen multi-metric criterion on TIMIT.

The trade-off between ABD and PDUR reflects
structurally distinct aspects of segmentation qual-
ity. ABD measures the absolute temporal distance
between predicted and gold boundaries: even a sin-
gle well-anchored boundary per phoneme can keep
ABD low. PDUR, by contrast, captures duration reg-
ularity across the full segmentation. Greedy CTC
decoding tends to produce at least one acoustically
grounded boundary per phoneme, typically at the
onset or offset of the clearest acoustic event, while
blank spans inflate perceived duration. Recursive
context adjustment collapses these blank spans,
improving duration regularity at the cost of displac-
ing the originally well-anchored boundary, which
increases ABD. Confidence-ratio substitution, be-
ing more conservative, preserves those anchored
boundaries while making smaller local adjustments
to duration.

Results on the Sardinian corpus show the
same qualitative trends in a more challenging low-
resource setting with spontaneous speech. Abso-
lute boundary deviations are higher than on TIMIT
(~ 140 ms vs. ~ 100 ms), reflecting increased tem-
poral variability and phonetic diversity. Confidence-
ratio substitution slightly reduces ABD while leaving
PDUR and boundary F1 largely unchanged. Re-
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cursive context adjustment substantially improves
duration regularity (PDUR 71 — 63 ms) and bound-
ary F1, at the cost of increased ABD. Recursive ad-
justment again provides the most favorable overall
trade-off for downstream annotation bootstrapping.

For Tyrolean, results are reported separately
for read speech (sent) and spontaneous mono-
logues (mon), revealing a strong interaction be-
tween speaking style and decoding strategy. On
read speech, confidence-ratio substitution achieves
the best joint trade-off across ABD, PDUR, and
boundary F1, yielding the lowest boundary devia-
tion and duration error. Recursive adjustment in-
creases both ABD and PDUR, but substantially im-
proves boundary F1, indicating stronger structural
consistency at the expense of temporal precision.

In spontaneous monologues, baseline alignment
quality degrades substantially (ABD > 1000 ms),
highlighting the difficulty of transcript-free alignment
in highly variable speech. In this setting, recursive
context adjustment is particularly effective, reduc-
ing ABD by more than 15% (1026 — 856 ms) and
yielding the highest boundary F1. Although PDUR
increases, the joint ABD—PDUR-F1 score favors
recursive adjustment, indicating that strong struc-
tural regularization is beneficial for spontaneous,
low-resource speech. Figure 2 illustrates these con-
trasting behaviors on Sardinian example. Which
strategy is preferred depends on the joint behavior
of ABD, PDUR, and boundary F1, and varies sys-
tematically with speaking style. Also both strategies
could help for different bootstrapping set up.

5.1. Post-hoc Edit Analysis and
Correction Time

To assess the practical usability of the proposed
alignment strategy, we qualitatively examined the
relationship between the number of phoneme edit
operations and the human correction time required
to obtain the final reference transcription and align-
ment for four files of spontaneous Tyrolean di-
alect. Importantly, correction time reflects the full
annotation effort: it includes both phoneme iden-
tity corrections (substitutions, insertions, deletions)
and temporal boundary adjustments. Files with a
larger number of edit operations generally required
longer correction times, indicating that token-level
errors contribute substantially to annotation work-
load. However, the relationship is not strictly pro-
portional. In several cases, boundary refinements
required careful acoustic inspection even when
phoneme identities were largely correct, increas-
ing correction time independently of the raw edit
count. Conversely, clusters of local phoneme sub-
stitutions could often be corrected relatively quickly
once the surrounding context was clear. These ob-
servations are consistent with the hypothesis that

File Ref S D | Edits PER
0008mon001 1448 121 80 61 262 18.09
0008mon002 892 97 32 63 192 21.52
0008mon003 882 85 30 58 173 19.61
0008mon004 1048 145 47 64 256 24.43
Total 4270 448 189 246 883 20.68

Table 4: Phoneme-level edit statistics for Recursive
Adjustment compared to the corrected reference
transcription. S = substitutions, D = deletions, | =
insertions.

File Correction Time Audio Length RTF
0008mon001 1:22:42 2.4 34.4
0008mon002 0:49:45 1.4 35.5
0008mon003 0:57:46 1.3 44.4
0008mon004 1:13:32 1.5 49.02
Total 4:23:45 6.6 40

Table 5: Human correction time for boundary and
transcription refinement. RTF (Real-Time Factor)
is computed as correction time divided by audio
duration.

total correction time reflects a combined cost of seg-
mental errors and temporal misalignment, though
the small sample size prevents stronger conclu-
sions. As such, phoneme error rate alone does not
fully capture the annotation burden associated with
transcript-free alignment.

Tables 4 and 5 provide complementary perspec-
tives on alignment usability. While phoneme-level
PER ranges between 18% and 24%, the corre-
sponding human correction time varies more sub-
stantially, with real-time factors (RTF) between 34
and 49, and an overall RTF of approximately 40.
Here, RTF is defined as the ratio between human
correction time and audio duration; for example, an
RTF of 40 indicates that correcting one minute of
audio requires approximately 40 minutes of manual
work.

Notably, files with comparable PER values exhibit
markedly different correction times. For instance,
0008mon003 does not have the highest PER, yet
shows one of the largest RTF values. This mis-
match indicates that transcription edits alone do not
fully explain annotation effort. Correction time in-
cludes both phoneme identity changes and bound-
ary refinements, the latter often requiring careful
acoustic inspection even when segmental labels
are correct. These findings suggest that PER pro-
vides only a partial proxy for annotation workload,
and that temporal instability contributes significantly
to human correction cost in transcript-free align-
ment, coroborating similar findings (Martin et al.,
2024). For reference, prior work reports real-time
factors between 10 and 50 for automatic segmenta-
tion followed by manual boundary correction alone
(Draxler, 2022). In our case, correction time in-
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Class n Prev (%) Next (%)
Stop 8051 3.1 6.8
Fricative 9109 2.5 5.9
Affricate 454 0.8 4.6
Vowel 20123 9.8 22.9
Nasal 3271 2.1 6.5
Liquid 3583 2.9 6.9
Glide 1003 1.4 2.2

Table 6: Post-hoc agreement of the second-best
candidate with the gold previous or next phoneme,
by broad phoneme class (TIMIT).

cludes both boundary refinement and phoneme
identity correction, making the task strictly more
demanding. Therefore, the observed RTF values
(=~ 34 — 49, overall ~ 40) are consistent with this
range, though direct comparison is limited since
our correction task encompasses both boundary re-
finement and phoneme identity correction. We em-
phasize that this analysis is preliminary and based
on a small sample of four recordings; it is intended
as an initial indication of annotation effort rather
than a definitive evaluation.

5.2. Post-hoc Analysis of Blank Frames

To our knowledge, prior work has not systematically
quantified blank spans as a function of phoneme
class. This provides new evidence that vowels are
context-driven, while obstruents remain locally an-
chored. We restrict the following post-hoc blank
analysis to TIMIT, where gold phoneme labels are
phonetically consistent and directly comparable
across speakers. For Sardinian, we observed
the same qualitative trends, but leave a detailed
phoneme-class breakdown for future work given
its larger inventory and sparser annotation. Ta-
ble 6 shows how often the second-best candidate
in blank frames agrees with the gold previous or
next phoneme. The agreement is highest for vow-
els (Prev: 9.8%, Next: 22.9%), reflecting that blank
spaces in vowel regions are strongly influenced by
neighboring phones. Stops, fricatives, and nasals
show a much weaker agreement (< 7%), consis-
tent with their short duration and sharper acoustic
cues. This asymmetry is consistent with recursive
adjustment benefiting vowels most, since it explic-
itly exploits neighborhood consistency, while having
limited effect for obstruents whose boundaries are
more locally anchored.

Table 7 compares the median change in the
second-best posterior (Ap2) under two perturba-
tions: (i) context-only, keeping only a +40 ms win-
dow around the blank, and (ii) local occlusion, mask-
ing the same window. For vowels, context pertur-
bations produce much larger shifts than occlusions
(Ap2 = 0.15 vs. 0.09), showing that vowel blanks

Class Context-only Ap2  Local occlusion Ap2

Stop 0.03 0.07
Fricative 0.02 0.05
Affricate 0.01 0.04
Vowel 0.09 0.15
Nasal 0.03 0.08
Liquid 0.04 0.09
Glide 0.02 0.05

Table 7: Median change in the second-best pos-
terior (Ap2) under context-only vs. local occlusion
perturbations within a +40 ms window around blank
frames. Vowels show stronger context effects,
while obstruents are more locally anchored.

are primarily resolved by broader temporal con-
text. For obstruents such as stops and fricatives,
occlusion induces slightly stronger effects than con-
text, reflecting their sharper, locally anchored cues.
Overall, these results suggest that blanks are of-
ten resolved by context for sonorants, but by local
acoustics for obstruents. This asymmetry further
justifies our design strategy: confidence-ratio sub-
stitution captures locally competitive cases, while
recursive adjustment exploits contextual agree-
ment, especially effective for vowels.

6. Conclusion

We introduced two training-free blank-resolution
strategies for transcript-free phoneme alignment
with CTC-based speech foundation models. Across
TIMIT, Sardinian, and Tyrolean, both heuristics im-
prove segmentation quality over greedy CTC de-
coding, with recursive context adjustment yielding
the strongest overall trade-offs when jointly optimiz-
ing ABD, PDUR, and boundary F1.

Our results highlight a key property of CTC-based
models: they robustly encode phoneme identity,
yet lack strong temporal anchoring. Blank-aware
decoding partially mitigates this by stabilizing blank
spans and enforcing structural consistency, produc-
ing more coherent segmentations suitable for man-
ual correction. However, absolute boundary preci-
sion remains limited (ABD ~100ms vs. ~20ms in
transcript-conditioned aligners), underscoring the
inherent difficulty of transcript-free alignment.

Post-hoc analysis further reveals phoneme-class
asymmetries: vowels benefit most from context-
driven blank resolution, whereas obstruents remain
more locally anchored. This suggests that a single
global decoding rule is suboptimal, and motivates
future work on adaptive blank-resolution strategies
informed by phoneme class or posterior sensitivity.

Beyond metric improvements, the main contri-
bution of this work is practical: our approach pro-
vides a lightweight bootstrapping mechanism for
corpus development when transcripts are unavail-
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able or unreliable. Preliminary correction-time anal-
ysis on four spontaneous Tyrolean recordings sug-
gests that temporal instability contributes substan-
tially to human workload, though a larger-scale
user study would be needed to quantify annota-
tion time savings robustly. Future work should
explore integrating adaptive blank resolution into
semi-supervised or joint training pipelines for low-
resource languages and dialects.

7. Limitations

While the proposed strategies substantially improve
segmentation stability over greedy CTC decoding,
transcript-free alignment remains less temporally
precise than transcript-conditioned forced align-
ers, with absolute boundary deviations remaining
around 100 ms. This reflects a fundamental limita-
tion of transcript-free alignment rather than of the
proposed methods. All experiments are conducted
using a single multilingual CTC-based phoneme
recognizer, allowing us to isolate decoding effects;
future work should assess generalization across ar-
chitectures. Moreover, the strategies are heuristic
and decoding-only, and cannot correct systematic
biases learned during acoustic model training. Fi-
nally, optimal behavior varies with speaking style,
suggesting that adaptive or class-aware blank res-
olution may be preferable to a single global rule.
Finally, our analysis of human correction time is
based on four spontaneous monologues, represent-
ing a limited sample size. Although these record-
ings reflect realistic zero-shot, low-resource and
spontaneous conditions and therefore provide eco-
logically valid evidence of annotation effort, the
results should be interpreted as preliminary. Cor-
rection time may vary across speakers, speaking
styles, recording quality, and annotator expertise.
A larger-scale user study would be required to ob-
tain statistically robust estimates of annotation time
savings and to quantify inter-annotator variability.
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