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Abstract
Forced alignment (FA) plays a key role in speech research
through the automatic time alignment of speech signals with
corresponding text transcriptions. Despite the move towards
end-to-end architectures for speech technology, FA is still
dominantly achieved through a classic GMM-HMM acous-
tic model. This work directly compares alignment perfor-
mance from leading automatic speech recognition (ASR) meth-
ods, WhisperX and Massively Multilingual Speech Recognition
(MMS), against a Kaldi-based GMM-HMM system, the Mon-
treal Forced Aligner (MFA). Performance was assessed on the
manually aligned TIMIT and Buckeye datasets, with compar-
isons conducted only on words correctly recognized by Whis-
perX and MMS. The MFA outperformed both WhisperX and
MMS, revealing a shortcoming of modern ASR systems. These
findings highlight the need for advancements in forced align-
ment and emphasize the importance of integrating traditional
expertise with modern innovation to foster progress.
Index Terms: forced alignment, phoneme alignment, word
alignment

1. Introduction
Forced alignment (FA) is the process of aligning a transcript
with the corresponding audio signal to determine the temporal
boundaries of units such as words or phones. Such alignment
can facilitate downstream processing of the sound file by pro-
viding a quick and accurate location of speech units within a
longer audio file. Accurate labeling and alignment of audio
files hold significant potential for advances in both linguistic
research and resource development for language communities.
In particular, phonetic studies have increasingly relied on this
technique, as it greatly expedites acoustic-phonetic analysis of
spoken data. By some estimates, forced alignment can be as
much as 200 to 400 times faster than manual alignment [1, 2].

Historically, FA algorithms have been based on the acous-
tic model of a modular Automatic Speech Recognition (ASR)
system, where the algorithm is forced to identify the best path
through the acoustic frames given a user-provided sequence of
words or phones [3]. This results in an alignment of the words
or phones to the acoustics. This is in contrast to ASR systems,
which aim to predict words or phones from the acoustic frames.

While traditionally associated with ASR systems, FA is not
inherently part of the core recognition process. Instead, it is a
critical task within the broader domain of automatic speech pro-
cessing. This encompasses various tasks related to analyzing
and understanding spoken language, including speech recogni-
tion, speech synthesis, prosody analysis, and phonetic transcrip-
tion. While FA has often been conducted using components
of ASR systems, including the acoustic model as mentioned

above, it is not strictly necessary for ASR and often serves as a
preprocessing step.

In recent years, the progress in ASR technology has been
transformative and revolutionary, with remarkable increases
in speech recognition ability, particularly from systems like
wav2vec 2.0 [4], HuBERT [5], and Whisper [6]. Despite the
significant advancements in various aspects of speech recogni-
tion systems, the classical HMM-GMM algorithm remains one
of the leading methods for forced alignment tasks. One of the
leading toolkits for implementing this is the Montreal Forced
Aligner (MFA) [7], which regularly ranks among one of the top
forced alignment toolkits [8, 9]. The field has also relied ex-
tensively on related algorithms and systems, including but not
limited to MAUS and WebMAUS [10, 11], easyAlign [12], the
Prosodylab-Aligner [13], FAVE and the Penn Forced Aligner
[14, 15], Gentle [16], and LaBB-CAT [17]. There exist other
specially designed algorithms for phoneme alignment, such as
[18] and [19], that provide very accurate alignment but need
to be trained on supervised phoneme-aligned data and are very
sensitive to inaccurate lexicons. Recently, Zhu et al. [20] pro-
posed two wav2vec 2.0-based models for both text-dependent
and text-independent phone-to-audio alignment.

For forced alignment, HMM-based systems have an intu-
itive advantage over end-to-end systems in two respects: first,
HMMs have a direct temporal relationship between acoustic
frames and labeled states, and second, words are commonly
modeled as a sequence of phones, which directly correspond
to a sequence of states. In contrast, modern end-to-end ASR
systems are optimized for the direct prediction of characters
or tokens and lack fine-grained phonetic representation [21],
though systems such as WhisperX [22], do promote accurate
time alignments.

Our study provides a comparative evaluation of forced
alignment as performed by an HMM-based method and modern
ASR methods, with a focus on word-level alignment. We eval-
uate the HMM-based MFA [7] against two end-to-end systems,
the Massively Multilingual Speech Recognition (MMS) system
[23] based on wav2vec 2.0 [4] and WhisperX [22] based on
Whisper [6]. The MFA is capable of both phone- and word-level
alignment, given the direct modeling of words as a sequence of
phones. For the end-to-end systems, word-level forced align-
ment was achieved by changing the ASR outputs to match or-
thographic units with audio segments as they were originally
trained to predict characters or tokens. Alignment was evalu-
ated on two manually aligned English corpora: TIMIT [24], a
phone-level transcribed read speech corpus, and Buckeye [25],
a hand-corrected phone- and word-level corpus of spontaneous
English speech.

The structure of the paper is as follows. The next section
provides some background on each of the models we evaluate



for forced alignment. Section 3 describes the method used for
comparison, including the dataset and the evaluation metrics.
The results are presented in Section 4, and Section 5 concludes
the paper.

2. Background
In this section, we briefly describe the systems under evaluation
in terms of their primary use case, their architecture and training
data, and how they can generate forced alignments.

2.1. Montreal Forced Aligner (MFA)

The Montreal Forced Aligner (MFA) provides a user-friendly
wrapper to the Kaldi ASR toolkit with the primary purpose of
developing and deploying acoustic models for phonetic FA1.
The acoustic models have a GMM-HMM architecture and rep-
resent the probability of an acoustic sequence given a word se-
quence; these form a core component of the traditional modular
ASR system with separate acoustic and language models. For
ASR, the GMM-HMM acoustic model was the dominant ap-
proach until the advent of more advanced models with neural
architectures or end-to-end modeling [26, 27]. The MFA, how-
ever, has the primary goal of performing forced alignment and
not automatic speech recognition.

The MFA uses 39 MFCC acoustic features extracted every
10 msec with a processing window of 25 msec. An HMM-
based model requires an aligned transcription, which is gen-
erated using the Expectation-Maximization (EM) algorithm on
the audio file and corresponding transcript. The training of
the acoustic model has four stages: training monophone mod-
els (GMM-HMMs of context-independent phones), training tri-
phone models (GMM-HMMs of context-dependent phones),
then applying speaker-adapted refinements including linear dis-
criminant analysis with a maximum likelihood linear transform
(LDA+MLLT), and speaker adaptive training (SAT) with fea-
ture space maximum linear likelihood regression (fMLLR) [28].

During inference, FA is implemented in the MFA by speci-
fying the audio file, a corresponding transcript, and a pronunci-
ation lexicon which contains a mapping of orthographic words
to phonetic transcriptions. At inference, the orthographic tran-
scription is mapped to a phonetic transcription using a pronun-
ciation lexicon. Then the phonetic transcription is represented
as a sequence of HMM triphones. The FA process is imple-
mented via the Viterbi algorithm that identifies the most prob-
able path of acoustic frames given the state sequence. Transi-
tions between HMM states corresponding to different phones or
words are then used respectively as phone-level or word-level
boundaries in forced alignment. Given the frame shift of 10
msec between frames, the resolution of alignment also corre-
sponds to 10 msec, with a minimal phone duration of 30 msec
(as a phone model has a minimum of three states).

2.2. The Massively Multilingual Speech (MMS) Model

The MMS FA is based on a single multilingual automatic
speech recognition model for 1,107 languages. This model is
based on wav2vec 2.0 [4], a transformer-encoder-based frame-
work for self-supervised learning of speech representations.

Wav2vec 2.0 operates by first converting the speech signal
into latent representations through a multi-layer convolutional
neural network (CNN) every 20 msec. These representations
are then quantized and used to predict the original sequence in

1https://montreal-forced-aligner.readthedocs.io

the context of a masked language model, similar to techniques
used in NLP for models like BERT [29]. The model is pre-
trained on a large corpus of unlabeled audio data, allowing it
to learn rich, contextual representations of speech sounds. Af-
ter pre-training, it can be fine-tuned with a smaller amount of
labeled data for specific tasks like speech recognition. For the
task of ASR it is trained with the Connectionist Temporal Clas-
sification (CTC) loss function [21]. One major advantage of
CTC is that it does not need an exact alignment between the in-
put and output. This means that it is easier to train the system
on a large amount of data and to use character-based targets.
Nevertheless, the lack of a clear temporal alignment also poses
a great challenge when using the system for forced alignment.

2.3. WhisperX

Whisper [6] is an ASR system trained on 680K hours that is im-
plemented as an encoder-decoder transformer [30]. The speech
is converted to an 80-channel log-magnitude Mel spectrogram
on windows of 25 msec and a frame shift of 10 msec. The Whis-
per encoder generates a representation of (up to) 30 seconds of
input speech. The decoder gets this representation as input as
well as the previously predicted token sequence and outputs the
next token. Note that a single representation is used through-
out the generation of the predicted text. The encoder-decoder
is trained jointly to predict the next token from a set of 50k
tokens (words or sub-words) by minimizing the cross-entropy
loss function. Whisper performs at or above human listener ac-
curacy [31]. However, its architecture and its loss function raise
a problem in generating meaningful token alignments [6, 22].

WhisperX [22] proposed a technique to improve the pre-
dicted word timestamps. Bain et al. [22] proposed to segment
the speech into 30 sec chunks using an external voice activ-
ity detector (VAD). Following this segmentation, they employ
forced phoneme alignment with an external phoneme model
to generate word-level timestamps. The phoneme model was
based on the character-based wav2vec 2.0 pre-trained base
model; however, the details on how the wav2vec 2.0 character-
based model is adapted for phoneme alignment are not de-
scribed in their publication.

3. Method
In this section, we outline the methodology employed to evalu-
ate the performance of the forced alignment task generated by
MFA (both phone and word level), MMS, and Whisper X (word
level). We start by describing the datasets and the evaluation
metrics used for evaluation.

3.1. Data

We selected TIMIT [24] and Buckeye [28] datasets for their
high-quality speech recordings and corresponding phonetic and
orthographic timed transcriptions. TIMIT is a corpus of Amer-
ican English read speech with both orthographic and phonetic
transcriptions. It contains a total of 630 speakers and 6300 ut-
terances that span 5.4 hours. Our evaluation includes 39,834
words and 177,080 phonemes. The average TIMIT utterance
was 3.1 seconds. The Buckeye Corpus of conversational speech
spans 40 hours of hand-transcribed speech from 40 speakers of
American English. Our evaluation includes 285,347 words and
858,386 phonemes. The average Buckeye utterance was 531
seconds.



3.2. Procedure

We used the MFA acoustic model trained on 982 hours of Lib-
riSpeech [32][33]. The model’s architecture and training proce-
dure is outlined in Section 2, and the alignment procedure was
configured according to the specific requirements of MFA [34].

The pronunciation lexicon for the MFA English acoustic
model used the ARPABET phonetic alphabet. In our evaluation
of TIMIT, we mapped the original set of 61 phones provided by
TIMIT to a reduced set of 39 phones according to [35], and fur-
ther combined the closure with the burst of all stop consonants.
The resulting phone set directly corresponded to the required
ARPABET phone set. The Buckeye transcriptions already used
ARPABET, so no further modification was necessary.

When comparing the performance of MMS and WhisperX
to MFA, it is essential to recognize that the evaluation aims
to assess word-level forced alignment using ASR systems that
were not specifically designed for the task of FA. As part of
the evaluation process for MMS and WhisperX, it is necessary
to accurately match their output words with the corresponding
words in the ground truth transcripts. This involved identifying
matching words and finding the nearest matches, while disre-
garding any words that are mislabeled or off by more than 500
msec. For TIMIT, which had 39,834 words in the reference
transcript, MMS correctly recognized 29,057 words, and Whis-
perX correctly recognized 37,685 words. For Buckeye, which
had 285,347 words in the reference transcript, MMS correctly
recognized 259,189 words and WhisperX correctly recognized
278,480 words.

3.3. Evaluation metrics

We assessed alignment accuracy for each algorithm across each
dataset by examining the difference in the end timestamp be-
tween the alignment output and the input, as well as by calculat-
ing the percentage of phones or words aligned under a constant
threshold. This methodology aligns with previous works in the
field [18]. We conducted this assessment using various thresh-
olds, chosen based on [7]. The threshold-based evaluation of
forced alignment systems has also been conducted in a range of
other studies [9, 12, 1, 2, 36]. By adopting the same assessment
method as the MFA, we ensure consistency and comparability
in our evaluation process. This decision allows for a direct com-
parison between our results and those obtained in the original
MFA study, providing valuable insights into the performance of
newer algorithms relative to established ones. For each algo-
rithm and dataset combination, we further analysed alignment
accuracy by examining the mean and median of the total dif-
ferences for each comparison. In addition, we assessed the F1

score within 20 msec thresholds.

4. Results
Table 1 and Table 2 present the performance of MFA, MMS,
and WhisperX of word alignment on TIMIT and Buckeye, re-
spectively. In these tables, each row represents an alignment
model, and each column represents a time resolution threshold.
To account for the particularly long input utterance durations for
Buckeye and high risk of drift in the alignment, we also report
the results of alignments correctly placed within the threshold
of 500 msec in Table 2. These results consistently show that
the MFA outperforms the MMS and WhisperX timestamps at
all thresholds in terms of tolerance values.

Table 3 presents the performance of all methods both on
TIMIT and on Buckeye in terms of the mean alignment shift,

the median shift, and the F1 score within 20 msec thresholds.
Again it is noticeable that MFA outperforms any other method
in terms of alignment accuracy, while MMS and WhisperX are
way much more accurate than any HMM-GMM model. The
outcomes further indicate that MFA and WhisperX algorithms
perform better on TIMIT than on Buckeye, whereas MMS has
more variable performance between the two corpora.

We additionally present the performance of MFA on phone-
level alignments. Table 4 represents the performance for TIMIT
and Buckeye (rows) for several time resolutions (columns).
Each number indicates the percentage of correctly placed
boundaries of the correct phones within a given resolution. We
can also see that the phones are aligned more accurately for
TIMIT, which is read speech, than for Buckeye, which is con-
versational speech. The results of Buckeye are somewhat lower
than those results published in [7], despite the use of a compara-
ble acoustic model. The discrepancy is likely due to differences
in how the utterances were segmented and input into the MFA
for downstream phone- and word-level alignments. To generate
the alignment of Buckeye, the input utterances could be as long
as several minutes. These input utterances were likely longer
than those used in [7], which separated utterances at any 150-
msec stretch of nonspeech audio. The long input could have
resulted in drift in the alignment prediction, which, in turn, led
to a very high mean alignment offset (see also Table 3).

The MFA also performs better at the word-level than the
phone-level alignment, something that was not observed in the
original MFA paper [7]. This could be due to some word bound-
aries naturally aligning with pauses in speech and being posi-
tioned near periods of quiet; however, it is unclear what led to
the discrepancy between the original and current findings with
the Buckeye corpus.

Table 1: TIMIT word-level performance of MFA [7], MMS [23],
and WhisperX [22]. The columns represent correctly detected
boundaries at a given resolution in msec.

alignment accuracy [%]
t ≤ 10 t ≤ 25 t ≤ 50 t ≤ 100

MFA 41.6 72.8 89.4 97.4

MMS 18.6 43.5 75.7 94.7

WhisperX 22.4 52.7 82.4 94.2

Table 2: Buckeye word-level performance of MFA [7], MMS
[23], and WhisperX [22]. The columns represent correctly de-
tected boundaries at a given resolution in msec. Thresh500 in-
dicates alignments correctly placed within the threshold of 500
msec.

alignment accuracy [%]
Thresh500 t ≤ 10 t ≤ 25 t ≤ 50 t ≤ 100

MFA - 39.8 69.9 84.9 91.8

MMS - 25.0 52.7 75.0 87.9

WhisperX - 18.8 43.1 67.4 77.4

MFA + 41.1 72.2 87.6 94.8

MMS + 25.8 54.2 77.2 90.5

WhisperX + 22.8 52.3 81.8 93.9



Table 3: Performance in terms of mean and median (msec), as
well as F-score assessed at a threshold of 20 msec (F20

1 ) for
the phone-level and word-level alignments from the MFA[7],
word-level alignments from MMS [23], and word-level align-
ments from WhisperX [22].

Method Dataset Thresh500 Level Mean Med F20
1

MFA TIMIT - phon 133.4 12.5 66.0

MFA Buckeye - phon 1085.9 15.9 56.2

MFA TIMIT - word 21.9 12.5 65.7

MMS TIMIT - word 68.5 29.3 35.4

WhisperX TIMIT - word 34.3 23.5 43.5

MFA Buckeye - word 976.5 13.6 63.4

MMS Buckeye - word 208.3 23.1 45.0

WhisperX Buckeye - word 11 685.3 30.1 35.6

MFA Buckeye + word 27.8 12.9 65.4

MMS Buckeye + word 41.0 22.2 46.3

WhisperX Buckeye + word 36.4 23.7 43.3

Table 4: Phone-level performance of MFA [7]. The columns
represent correctly detected boundaries at a given resolution in
msec.

alignment accuracy [%]
t ≤ 10 t ≤ 25 t ≤ 50 t ≤ 100

TIMIT 38.6 72.3 81.1 84.6

Buckeye 35.3 60.6 68.9 72.7

5. Discussion
Our evaluation revealed that MFA outperforms MMS and Whis-
perX in the comparison of word-level alignments at all time
resolutions. For speech researchers, the classical GMM-HMM
architecture still outperforms simple adaptations of the mod-
ern end-to-end ASR systems for forced alignment. Indeed, the
HMM-based system of the MFA has a high temporal resolution
of 10 msec relative to MMS and WhisperX that operate over
longer stretches of audio. WhisperX does improve the tem-
poral resolution of words and utterances over Whisper’s rela-
tively low performance, with the stated goal of improved forced
alignment [22]. Nevertheless, our findings demonstrate that
the HMM-based system is still preferable for forced alignment
tasks.

One of the major bottlenecks to analyses that depend on
forced alignment is the ability to obtain an accurate transcrip-
tion of the text. [37]. Even if an orthographic transcription
is obtained, this still needs to be converted to a phonetic tran-
scription that is then usable with a pretrained acoustic model,
or sufficient data must be present to train an acoustic model
that performs well with the specified phone set. In terms of
speech recognition, both MMS and WhisperX outperform any
HMM-based model in terms of word error rate [4, 6]. Systems
such as MMS and WhisperX will likely play a valuable role in
the pipeline towards forced alignment in generating usable tran-
scripts or revising existing transcripts that may contain errors.

This contribution of transcript generation or correction
could serve as a valuable component in improving forced align-
ment. Indeed, it complements another method that has demon-
strated to significantly improve forced alignment, namely “re-
cursive forced alignment”. Recursive forced alignment refers to
a multi-stage forced alignment procedure, where the first-pass
alignment is used to identify shorter utterance-level boundaries.

The utterance-level boundaries can then be used to constrain
the forced alignment input domain (i.e., the input utterance du-
ration), which results in overall more accurate word- and phone-
level boundaries.[38, 39, 40]

The end-to-end models likely had poorer alignment due to
their architecture and training procedure. The MMS model is
a transformer encoder trained using contrastive loss function in
a self-supervised manner to predict a masked 20-msec speech
frame. To turn this model into an ASR system, a linear layer is
added, and it is trained to predict characters using the CTC loss
function. As mentioned earlier, the CTC loss removes the need
for pre-aligned training data and considers the network outputs
as a probability distribution over all possible alignments. The
lack of pre-aligned training data, of course, leads to poor align-
ment at inference.

Whisper, on the other hand, is an encoder-decoder trans-
former, which represents the input speech utterance as a whole.
The decoder does not work at the speech-frame level but is
trained to predict the next token, given the representation and
the previous sequence of the predicted tokens using the cross-
entropy (multi-class) loss function. This mechanism may lose
the alignment of the tokens within the encoder representation
and the depth of the decoder.

Finally, the phone-level performance from the MFA
demonstrates that the GMM-HMM architecture straightfor-
wardly yields such alignments. Many phoneticians and speech
researchers rely on the phone-level transcription to understand
phonetic and phonological variation across talkers and lan-
guages. A phone-level representation is not straightforwardly
available in end-to-end ASR systems such as MMS and Whis-
perX, the field is actively working to develop this area [41, 20].
A future direction for the present study is to investigate how
to use modern algorithms and architectures with good temporal
resolution for phone-level forced alignment.

The findings here indicate that despite the considerable ad-
vances in speech recognition using end-to-end systems, tra-
ditional GMM-HMM architectures appear to be optimal for
forced alignment tasks, at least in the current state of writing.
This paper serves as a call to action for additional research and
development of deep learning algorithms specifically designed
for forced alignment tasks.
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