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Abstract

The production of non-native speech is known to display “cross-
language phonetic interference”, which makes such speech un-
easy to align and label automatically. Automatic phonetic align-
ment refers to an automated process whereby software synchro-
nizes speech with its transcription, usually at the phone and
word levels. This method has proven useful and reliable for
native speech, yet this reliability usually does not extend to non-
native speech. This paper proposes to test three major automatic
aligners (WebMAUS, MFA and SPPAS) on non-native French
uttered by two native speakers of Chinese by comparing them
with two manual segmentations. This paper’s goal is to offer
non-computer linguists a preliminary investigation on which to
rely when choosing a tool for their studies in non-native phonet-
ics or language didactics. Results show that the best performing
tool for labeling is SPPAS while the best performing tool for
both word- and phone-segmentation overall is WebMAUS and
MFA the worst.

Index Terms: speech recognition, automatic alignment, non-
native French

1. Introduction

The production of non-native speech, i.e., speech by second-
language learners, is known to display so-called “cross-
language phonetic interference” [1], commonly referred to as
“non-native (or “foreign”) accent”. Although the systematic in-
vestigation of such interferences dates back at least 60 years
[2, 3, 4, 5], its automatic investigation remains difficult, as auto-
matic phonetic alignment is relatively recent and mostly trained
on native speech. This in turn makes investigations in non-
native phonetics more challenging than in general phonetics.

Automatic phonetic alignment refers to an automated pro-
cess whereby software synchronizes speech with its transcrip-
tion, usually at the phone- and word-levels. To that extent, the
aligner is provided with the audio file and its transcript, usually
in the orthography of the language. It then uses a grapheme-
to-phoneme converter and pronunciation dictionaries to predict
the possible phonetic transcriptions, as well as acoustic models
corresponding to the language’s phonemic inventory to identify
the probable phone in the audio. The output is a segmented file
such as a Praat textgrid, where the beginning and end of words
and phones are timestamped (for the alignment at the word and
phone levels respectively), and intervals are labeled (with words
or phones respectively).

This method has proven useful and reliable. For instance,
phone labeling realized with the MAUS software tool in the
1990s has been shown to match manual phone labeling ~88%
of the time, and ~60% of timestamps differ less than 10ms be-
tween manual and automatic boundaries [6, 7]. However, this

reliability usually does not extend to dialectal variation or non-
native speech, as speech in a second language usually causes
an increase in word error rate [8, 9, 10, 11, 12, 13, 14, 15].
There have been many attempts to improve the performance
of automatic aligners, but what about current, readily-available,
open-access tools that non-computer linguists, specializing for
instance in second language learning, may use?

In the present paper, we aim to test the performance of 3
open-access, automatic alignment tools processing non-native
French: WebMAUS [16, 17, 18], the Montreal Forced Aligner
(henceforth MFA) [19] and SPPAS [20]'. Our goal is to provide
a review of these three automatic aligners so that linguists who
do not specialize in computer linguistics but wish to align non-
native speech, can use the best available tool.

2. Data and methodology
2.1. Data

For this study, we use the recordings made on a ZOOM HIN
professional recorder in a quiet environment by two female na-
tive speakers of the Xiang dialect, a Chinese language mainly
spoken in the Hunan and Sichuan provinces. Both participants
are 20 years old and in their 3rd year of undergraduate studies.
Their language of instruction is Standard Mandarin, their 2nd
language. English is their 3rd language, and French is their 4th.
Their levels of French are respectively A2 and B2 of CECRL.

The two speakers read a list of 125 French words and
French-like non-words, an experimental design inspired by
the IPFC protocol [22] and a specialized manual [23]. For
the present study, we create for each speaker a unique sound
file comprising a subset of 44 French words displayed in (1)
(non-words are usually not supported by automatic aligners)
which are members of minimal pairs illustrating the voiceless
vs voiced series, an opposition that does not exist in Mandarin
Chinese or exists partially in Xiang and is thus expected to ex-
hibit pronunciation difficulties. In total, the study investigates
at least 232 phonemes (not counting schwas).

(1) goft, dans, bac, dune, thon, code, qui, rogue, tousse, tais, cap,
temps, logo, tire, rade, court, codé, gant, guide, tout, roc, con,
tas, locaux, don, douce, gai, rate, dire, doux, dais, camp, coft,
kid, bague, Guy, tune, da, cote, gond, quai, coté, cab, gourre

2.2. Methodology

For the present study, we compare 5 alignments. Two are man-
ual alignments by trained phoneticians — one by a native speaker
of French, which will be used as reference, and one by a native

'We initially planned on also testing EasyAlign [21], however this
tool failed providing any alignment that could be used in this study.



speaker of Xiang Chinese, for control. The other three are the
output of three open-access aligners.

2.2.1. Automatic aligners

WebMAUS [18] is the online version of the Munich AUtomatic
Segmentation (MAUS) system [16, 17]. In general, MAUS cre-
ates a pronunciation hypothesis graph based on the orthographic
transcript of the recording using a grapheme-to-phoneme con-
verter. During this process, the orthographic transcription is
converted into the Speech Assessment Methods Phonetic Al-
phabet (SAMPA [24]). The signal is then aligned with the hy-
pothesis graph and the alignment with the highest probability is
chosen. The present alignment is the output of the WebMAUS
alignment for French (no multiple varieties available) with the
default setting (Version 3.16), resulting in a three-tier textgrid
(words in French orthography, words in SAMPA, and phones).

The Montreal Forced Aligner (MFA, [19]) is an update of
the Prosodylab-Aligner [25]. For the present study, MFA for
French (no multiple varieties available) is used with the de-
fault settings by downloading the pronunciation dictionary for
French and the French MFA acoustic model (using Miniconda3-
py311.23.11.0-2). The alignment yields a textgrid with phone
transcriptions in International Phonetic Alphabet (IPA) and
word transcriptions in the orthography of French.

SPPAS [20] is an open-source software tool allowing the
alignment of audio data with the specificity of proposing a
high degree of customizability. For the present study, the SP-
PAS (4.13) alignment is generated using the default settings
for the IPU search, and Standard French is used as the target
language for normalization and phonetization, and ultimately,
alignment. The process yields a textgrid file with 3 tiers: phones
in SAMPA, words in French orthography and words in SAMPA.

The two sound files and the five alignments are available at
this OSF repository: https://osf.io/fg6y3/.

2.2.2. Comparison of the 5 alignments

After setting the word and phone boundaries and labeling the
intervals manually using SAMPA, and generating an automatic
alignment from each of the described tools, we first convert
MFA’s IPA labels into SAMPA and calculate an inter-annotator
agreement score for the labels between the reference manual
alignment (that by the native French speaker), the control man-
ual alignment (that by the native Chinese speaker) and the 3 au-
tomatic ones. To that extent, following [7], we calculate the per-
centage of corresponding labels (CL) between two segmenta-
tions of the same 44 words using the formula CL=2nc/(nl+n2),
where nc is the number of corresponding labels between two
segmentations, and n/ and n2 are the number of labels in each
segmentation respectively.

We then compare the time differences between the bound-
aries set by each test-aligner (the human and the three auto-
matic tools) and those set by the reference aligner (the native
speaker of French). To that extent, all times for phone and
word boundaries for each aligner are extracted by tabulating the
phone and word tiers in Praat and the deviation of boundaries of
each aligner from the reference is calculated. As there are tran-
scription differences among the aligners, only the same (e.g.,
<k~k>) or similar phones (e.g., <k~c>) are included to mea-
sure boundary alignment at the phone level, i.e., 153 intervals
for the A2 speaker and 155 for the B2 speaker, for a total amount
of 308 boundaries. The significance of the differences is estab-
lished using an ANOVA test comparing each test-segmentation
with the reference segmentation.

3. Results
3.1. Labels

First, we compare the labels used by the reference aligner (the
native French speaker) and the other four.

As can be seen in Table 1 for the A2 speaker, labels are sim-
ilar in 84.98% (between WebMAUS and MFA) to 97.94% (be-
tween SPPAS and the reference) of the cases (6=12.96%). None
of the differences are statistically significant, indicating that all
aligners perform similarly well regarding labeling. Compared
to the reference (native speaker of French), the aligner with the
most differences is WebMAUS, with 90.21% similar labels, the
one with the less differences is SPPAS, with 97.94% similar-
ity (6=7.73%). Compared to the other human aligner (native
speaker of Chinese), MFA provides the most different labels,
with only 87.39% similarity, while SPPAS still provides the
most similar results, with 94.21% similarity (6=6.82%).

Table 1: Rates of similar labels between each test aligner (Hu-
man, WebMAUS, MFA and SPPAS) and the Reference for the
A2 speaker. The p-values are the outcomes of a paired t-test.

Human | WebMAUS MFA SPPAS

Reference 95.00 90.21 91.30 97.34
Human 100.00 88.89 87.39 94.21
WebMAUS 88.89 100.00 84.98 86.08
MFA 87.39 84.98 100.00 90.52
SPPAS 94.21 86.08 90.52 100.00

p-value 0.7056 0.5031 0.5275 | 0.6216

As can be seen in Table 2 for the B2 speaker, labels are simi-
lar in 82.20% (between WebMAUS and MFA, again) to 96.20%
(between the two human annotators) of the cases (6=14.00%).
None of the differences are statistically significant, indicat-
ing that, again, all aligners perform similarly regarding label-
ing. Compared to the reference (native speaker of French), the
aligner with the most differences is MFA, with 88.31% simi-
lar labels, the one with the less differences is the human, with
96.20% similarity (0=7.89%). The best automatic tool however
is still SPPAS, with 93.16% similar labels (6=4.85% compared
to MFA). Compared to the other human aligner, MFA still pro-
vides the fewest similar labels (88.89%), while SPPAS is the au-
tomatic aligner with the most similar labels (93.67%, 6=4.78%).

Table 2: Rates of similar labels between each test aligner (Hu-
man, WebMAUS, MFA and SPPAS) and the Reference for the
B2 speaker. The p-values are the outcomes of a paired t-test.

Human | WebMAUS MFA SPPAS

Reference 96.20 92.05 88.31 93.16
Human 100.00 89.26 88.89 93.67
WebMAUS 89.26 100.00 82.20 86.19
MFA 88.89 82.20 100.00 89.18
SPPAS 93.67 86.19 89.18 100.00

p-value 0.7224 0.4703 0.6587 | 0.9539

In conclusion, the automatic aligner providing labels most
similar to a human aligner is SPPAS, and the worst perform-
ing one is WebMAUS for the A2 speaker and MFA for the B2
speaker. The differences lie mainly in the confusion of the vow-
els /e/ and /e/, /o/ and /o/ or in the potential addition of /o/ at
the end of words. For MFA, differences are also registered
in the phonetization of /k/ and /g/ before the vowel /i/, where
they are transcribed as <c> and <j> respectively, which may
be viewed as more fine-grained than plain /k/ and /g/ but then



requires more post-processing by the linguist analyzing these
stops.
3.2. Alignment at the word level

In this subsection, we investigate the time alignment of word
boundaries. The density plots in Fig. 1 and 2 show the time
difference of the word boundaries assigned by the 4 aligners in
comparison with our reference (native speaker of French) for
the A2 and B2 speakers respectively.
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Figure 1: Density plot for the distribution of word boundaries
for each aligner (Human, MFA, SPPAS and WebMAUS) differ-
ing from the Reference as a function of time (from —1000 ms,
i.e., the boundary by the aligner is set 1 second sooner than
that set by the reference, to +1000 ms, i.e., the boundary by
the aligner is set 1 second later than that set by the reference),
based on the recording by the A2 speaker.

In Fig. 1, it can be seen that aligners perform gener-
ally well, with a time difference between their boundaries
and those of the reference ranging from —598 to +275 ms
(6=873, u=—14.2, 0=89.02, p<0.0001) for the other human
aligner, from —19,133 to +132 ms (6=19,265, u=—4778.96,
0=3917.64, p=0.7826) for MFA, from —797 to +706 ms
(6=1,503, =14.46, 0=273.10, p<0.0001) for SPPAS and from
—384 to +212 ms (6=596, u=—29.49, 0=98.83, p<0.0001) for
WebMAUS. The other human aligner (native speaker of Chi-
nese) and WebMAUS perform extremely well, with respectively
88.64% and 87.5% of their word boundaries within a 0.1 sec-
ond range from the reference boundaries. WebMAUS is thus the
automatic aligner matching the reference the best, with a differ-
ence range of only 596 ms and 75% of boundaries set within
a 0.05 second range of the reference boundaries. Because of
some extreme outliers, MFA displays by far the largest differ-
ence range (19,265 ms) and matches the reference with only
55.68% of boundaries within the range from —200 to +200 ms,
and displays the highest standard deviation (3,920 ms). SPPAS
also performs less well than WebMAUS, with the second largest
difference range after MFA (1,503 ms).

In Fig. 2, it can be seen that, again, aligners perform gen-
erally well, with a time difference between their boundaries
and those of the reference ranging from —103 to +111 ms
(6=214, 4=7.3, 0=33.3, p<0.0001) for the other human aligner,
from —9,282 to +134 ms (0=9,416, u=—533.04, 0=1732.6,
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Figure 2: Density plot for the distribution of word boundaries
for each aligner (Human, MFA, SPPAS and WebMAUS) differ-
ing from the Reference as a function of time (from —1000 ms,
i.e., the boundary by the aligner is set 1 second sooner than
that set by the reference, to +1000 ms, i.e., the boundary by
the aligner is set 1 second later than that set by the reference),
based on the recording by the B2 speaker.

p<0.0001) for MFA, from —552 to +2,624 ms (6=3,176,
1=22.05, 0=334.92, p<0.0001) for SPPAS and from —250 to
+104 ms (0=354, u=—29.5, 0=98.83, p<0.0001) for Web-
MAUS. In the order of their performance, the other human
aligner, SPPAS, WebMaus and MFA all perform well, with
respectively 96.59%, 86.36%, 78.41% and 72.73% of bound-
aries within a 0.1 second range from the reference boundaries.
Of them, the human aligner is the aligner matching the refer-
ence the best, with 89.77% of word boundaries set within a
0.05 second range from the reference. Among the automatic
tools, SPPAS performs the best (although less well than for the
A2 speaker), with 68.18% of word boundaries within a 0.05
second range from the reference boundaries. WebMAUS also
performs quite well, with 53.41% of word boundaries within a
0.05 second range of the reference boundaries, despite a few
outliers around 40.5 second. Finally, MFA is still the tool
with the worst performance, as it has the largest difference
range (9,416 ms) and displays 13.64% of its boundaries be-
tween —9,282 and —250 ms.

To conclude, alignments at the word level by the non-native
human or by the automatic tools are in general very close to the
reference. WebMAUS and SPPAS are the best performing tools
for the recordings by the A2 and the B2 speaker respectively,
while MFA is the worst performing tool for both speakers.

3.3. Alignment at the phone level

In this subsection, we focus on the time alignment of phone
boundaries. The density plots in Fig. 3 and 4 show the time
difference of the phone boundaries assigned by the 4 aligners
in comparison with our reference (native speaker of French) for
the A2 and the B2 speakers respectively.

In Fig. 3, it can be seen that differences from the ref-
erence boundaries range from —139 to +182 ms (§=321,
1#=9.01, 0=44.96, p<0.001) for the second human aligner, from
—18,612 to +93 ms (6=18,705, p=—4,025.36, 0=5,934.45,
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Figure 3: Density plot for the distribution of phone boundaries
for each aligner (Human, MFA, SPPAS and WebMAUS) differ-
ing from the Reference as a function of time (from —1000 ms,
i.e., the boundary by the aligner is set 1 second sooner than
that set by the reference, to +1000 ms, i.e., the boundary by
the aligner is set 1 second later than that set by the reference),
based on the recording by the A2 speaker.

p<0.001) for MFA, from —768 to +815 ms (§=1,583, u=17.66,
0=246.93, p<0.001) for SPPAS and from —322 to 43,519 ms
(6=3,841, u=18.59, 0=290.46, p<0.001) for WebMAUS. The
human alignment is performing the best, with the smallest dif-
ference range, the smallest mean difference, and the smallest
standard deviation, 87.58% of its boundaries within a 0.05 sec-
ond range from the reference, and 100% of its boundaries within
a 0.5 second range. Comparatively, WebMAUS has quite a high
difference range of 3,841 ms but 83.66% of its boundaries are
set within a 0.05 second range from the reference and 99.35%
within a 0.5 second range. SPPAS and MFA perform less well,
with only 37.25% and 51.63% of their boundaries within a 0.05
second range from the reference, but SPPAS has 93.46% of its
boundaries set within a 0.5 second range from the reference
while MFA has only 63.4%.

In Fig. 4, it can be seen that differences from the refer-
ence boundaries range from —103 to +136 ms (6=239, u=7.42,
0=30.02, p<0.001) for the second human aligner, from —5,565
to +134 ms (0=5,699, p=—355.57, 0=1138.73, p<0.001)
for MFA, from —552 to +4,073 ms (6=4,625, ©=109.86,
0=637.44, p<0.001) for SPPAS and from —250 to +104 ms
(6=354, 4=—26.49, 0=59.58, p<0.0001) for WebMAUS. The
human alignment is the best performing one, with 92.90% of
phone boundaries set within a 0.05 second range from the ref-
erence. Among the automatic aligners, WebMAUS and SPPAS
seem to be the two matching the reference the best, with respec-
tively 89.68% and 85.81% boundaries set within a 0.1 second
range from the reference. In Fig. 4, MFA seems to be match-
ing the reference quite well, yet only 78.71% of its boundaries
are set within a 0.1 second range from the reference and it also
displays many outliers in the negative range. If set within a
0.5 second range from the reference, the human alignment and
WebMAUS perform best with 100% each, followed by SPPAS
with 93.55% and MFA with 89.03%.
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Figure 4: Density plot for the distribution of phone boundaries
for each aligner (Human, MFA, SPPAS and WebMAUS) differ-
ing from the Reference as a function of time (from —1000 ms,
i.e., the boundary by the aligner is set 1 second sooner than
that set by the reference, to +1000 ms, i.e., the boundary by
the aligner is set 1 second later than that set by the reference),
based on the recording by the B2 speaker.

In conclusion, the phone boundaries appear to be more
problematic, or at least more prone to variation, than word
boundaries. In such a list-reading task, this is not surprising,
since the words are separated by silences, while phones are pro-
nounced as a sequence, which causes co-articulation, where it
can be difficult to establish when a sound starts and stops. This
indicates that connected speech may present less precise align-
ments than list readings for non-native speech. Among the auto-
matic aligners, WebMAUS is the one performing the best at the
phone-level and MFA the one performing the worst in general.

4. Discussion

We present here a preliminary evaluation of phone labeling and
word- and phone-segmentation by 3 automatic aligners and 1
human aligner compared to a reference human aligner. Our re-
sults show that SPPAS is the tool providing labels closest to the
human aligner and WebMAUS (although outperformed by SP-
PAS on word boundaries for the B2 speaker) is generally the one
providing the closest word- and phone-boundaries, while MFA
is the one providing the most different boundaries both at the
word and phone levels. These results invite us to advise second-
language or didactics specialists to align their non-native audio
data with SPPAS if their interest lies with label precision or with
WebMAUS if they need data best aligned in terms of timing.

This pilot study offers an initial benchmark for non-
specialists to choose the right tool in exploring non-native
speech, thus paving the way towards more inclusive phonetic
studies. Future work will build on this methodology to ex-
plore connected speech from more native speakers of Chinese to
confirm our results, but also from native speakers of other lan-
guages to test whether the present performances hold for French
uttered by speakers of other native languages. We will also in-
vestigate the same tools with more fine-tuned parametarization.
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