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Abstract
Automated goodness of pronunciation scores measure devi-

ation from typical adult speech by first phonetically segmenting
speech using forced alignment and then computing phoneme
likelihoods. Care must be taken to distinguish between the im-
pact of alignment error (a spurious signal) and true acoustic
deviation on the automated score. Using mixed effects mod-
eling, we predict ∆PLLR, the difference between pronuncia-
tion scores computed using manual alignment (PLLRm) ver-
sus computed using automatic forced alignments (PLLRa). Pro-
nunciation deviations and alignment error are both magnified
in children’s speech and may be influenced by factors such as
phoneme position and phoneme type. Our methodology shows
that alignment error has a moderate effect on ∆PLLR, and other
variables have small to no effect. Manual PLLR closely matches
automatically calculated PLLR following cross utterance av-
eraging. Thus, practical comparisons between child speakers
should be very comparable across the two methods.
Index Terms: forced alignment, goodness of pronunciation,
automatic pronunciation evaluation, phoneme segmentation,
alignment error

1. Introduction
Automated pronunciation scoring systems quantify a speaker’s
acoustic deviation relative to typical adult speech [1]. A vari-
ety of applications rely on automated pronunciation scores such
as the study of clinically disordered speech [2, 3], assessment
of second language (L2) learners [4, 5, 6], disfluency detection
in children [7], and clinical analysis of child speech [8]. They
can also play an important role in computer-aided pronunciation
training (CAPT) systems—useful tools for clinicians in treating
and evaluating preschool-to-school age children with phonolog-
ical disorders, which affect up to 10% of children [9].

1.1. Goodness of Pronunciation Using PLLR

A family of algorithms for automated phonetic pronunciation
scoring is based on the goodness of pronunciation (GOP) met-
ric [10, 11]. Specifically, we focus on a variant of GOP which
computes a phoneme log-likelihood ratio (PLLR) between the
speaker’s target phoneme and the produced phoneme. The GOP
pipeline is comprised of two steps: 1. a phonetic segmentation
step to identify phoneme time boundaries and 2. evaluation of
corresponding phoneme log-likelihoods at each time interval
using an acoustic model (Figure 1).

GOP computation begins with an utterance and its ortho-
graphic transcription. Based on the transcription, the expected
phoneme sequence Q = [q1, ..., qK ] is generated.
Phonetic Segmentation. Next, phonetic segmentation—either

Figure 1: Pipeline for calculating pronunciation score (GOP).

via manual annotation of alignments or automatic segmenta-
tion with forced alignment (FA)—identifies time boundaries of
each phoneme qk ∈ Q. Alignment provides the frame indices
fk where phoneme qk is expected to occur. These frames are
10-ms segments in which acoustic features are calculated. We
term PLLR computed via automatic forced alignment PLLRa,
or automatic pronunciation score. PLLR computed via manual
alignment annotation is termed PLLRm, or manual pronuncia-
tion score.
Acoustic Model Evaluation. Given these phoneme time
boundaries, the GOP for the kth phoneme is the phoneme log-
likelihood ratio:

PLLR(qk) =
1

|fk|
∑
i∈fk

log
Pr(Oi|qk)
Pr(Oi|q∗)

(1)

where Oi is the observed acoustic feature for frame i. The
PLLR compares the likelihood of the target phoneme from seg-
mentation (qk) to the likelihood of the most likely phoneme
(q∗) (i.e., the phoneme that best fits the acoustic features). The
probabilities in (1) are typically evaluated using an acoustic
model trained on adult speakers from the general population.
This group serves as the pronunciation standard.

The PLLR score is affected by two main factors: true pro-
nunciation deviation and forced alignment errors. Common FA
systems [12, 13] rely on acoustic models trained for ASR on
adult speakers alone and can perform poorly on speech not rep-
resented in their training data. Child speech deviates signifi-
cantly from adult speech and exhibits far higher intra- and inter-
speaker variability. Indeed, study of ASR on child speech has
found word error rates (WER) 2–5x higher than WER for adult
speech [14], and evaluation of FA systems on child speech [15]
has found age dependence in aligner performance and differ-
ences in alignment performance across phoneme classes. The
presence of FA error obfuscates the interpretability of PLLRa

as a pronunciation score, as any variation in PLLRa could be
due to alignment error, underlying acoustic deviation in the ut-
terance, or both.

In [8], the authors attempt to disentangle the relationship
between acoustic deviation (as measured by PLLRm), align-
ment error, and PLLRa, by using a linear model to predict
PLLRa as a function of alignment error. They found that align-
ment error alone explained a moderate percentage of the vari-
ance in PLLRa. However, when estimating PLLRa as a linear
function of both alignment error and PLLRm, they found that
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PLLRm explained almost all of the variance in PLLRa and that
the explanatory contribution of alignment error was scant. Al-
though their analysis provides useful information on the relative
importance of alignment error in predicting PLLRa, it does not
provide information on the conditions under which the differ-
ence between the manual and automatic pronunciation scores
(∆PLLR) is large. That is, their analysis did not fully explain
what the downstream impact of alignment error is on automatic
pronunciation scoring.

To ensure confident use of GOP-like automatic pronunci-
ation scores in CAPT systems and similar applications, it is
necessary to understand for which conditions PLLRm differs
significantly from PLLRa. If large discrepancies exist between
the two for certain phoneme positions in an utterance, certain
phoneme types, or beyond a certain alignment error, this dis-
agreement serves as impetus for improving either of the two
components of the automated pronunciation scoring pipeline
(alignment and acoustic model), surfacing this information to
eventual users, or disqualifying its use for those subsets of the
data.

In this paper, we demonstrate a methodology for evaluat-
ing the key factors contributing to ∆PLLR—that is, the dif-
ference in pronunciation scores calculated using manual align-
ments (PLLRm) versus those calculated using automatic forced
alignments (PLLRa). This methodology helps verify that for our
corpus of child speech, the automated scores agree with manual
scores under specific groupings of interest (by phoneme type
and phoneme position). We find that the largest predictor of
PLLR mismatch is alignment error, although the effect is only
moderate in size. The effects of phoneme position and speaker
age in estimating mismatch were statistically significant but
small in magnitude. Additionally, general phoneme type (e.g.,
fricative, vowels, etc.) was not a significant predictor of mis-
match. In fact, for all phoneme types, the standardized distri-
butions of utterance-averaged PLLRa and PLLRm were highly
similar, and correlation between the two was high.

2. Methods
2.1. Dataset

A gender matched speech corpus consisting of 42 typically de-
veloping children—native speakers of American English—was
used. By age group, 10 children were 3–4-years-old, 10 chil-
dren were 4–5-years-old, 12 children were 5–6-years-old, and
10 children were 6–7-years-old. A total of 3764 files (total du-
ration 128 minutes) were collected. An average of 89 utterances
were elicited per child. Single word, multi-word, and full sen-
tence phrases were elicited in a picture-prompted repetition task
based on the Test of Children’s Speech [16].
Manual Alignment. Manual alignments were first annotated
from forced alignments generated using Prosodylab [12]. These
alignments were then manually corrected by adjusting phoneme
time boundaries in Praat [17]. Two trained manual annotators,
a certified speech-language pathologist (SLP) and an SLP grad-
uate student, provided manual annotations of phonetic bound-
aries (labeling 2801 and 963 files respectively).
Forced Alignment. Forced alignments were generated using a
modified, speaker-adaptive version of the system in [18]. This
system was trained on CommonVoice [19]. Manual alignments
were used as the ground truth labels for training the alignment
system such that forced alignments were generated using leave-
one-speaker-out cross evaluation. That is, the following proce-
dure was applied for each speaker: data for a given speaker was

Figure 2: Acoustic deviation impacts PLLRm, PLLRa, and
alignment error. However, alignment error also impacts PLLRa.
Age, phoneme position, and phoneme category (type) are key
factors that determine the level of deviation.

held out, the pretrained alignment model was fine tuned on the
manual alignments from the remaining 41/42 speakers, and the
fine-tuned model was evaluated on the held out speaker’s data.
This procedure was repeated for every speaker beginning with a
pretrained model every time to ensure no data leakage. For com-
parison, a second set of forced alignments was also generated
using the popular Montreal Forced Aligner (MFA) [13] with
speaker adaptation enabled, and the statistical analyses were re-
peated for this second set of forced alignments.

2.2. PLLR Calculation

PLLR scores were calculated individually for each phoneme in
each utterance as in Equation 1. Probabilities were evaluated in
Kaldi [20] with a TDNN-F acoustic model trained on 960 hours
of audio from the LibriSpeech [21] dataset (healthy adult native
speakers). PLLR scores were calculated for manual alignments,
PLLRm, and for forced alignments, PLLRa.

2.3. Statistical Modeling

Outcome Variable. We sought to identify the factors that lead
to the largest discrepancy between PLLRm and PLLRa. Thus,
the target variable was the difference, ∆PLLR:

∆PLLR = PLLRm − PLLRa. (2)

Predictor Variables. ∆PLLR was modeled as a function of
phoneme type (Type), phoneme position (Position), and align-
ment error. Both percent onset error and percent offset error
(Eon and Eoff) were included as predictors. These errors for an
interval were calculated as the percentage onset/offset error rel-
ative to the length of the hand-aligned interval:

Eon = 100 ∗ (ton − t̂on)/(toff − ton)

Eoff = 100 ∗ (toff − t̂off)/(toff − ton)
(3)

where ton and toff are the hand-annotated onset/offset times and
t̂on and t̂off are the onset/offset times estimated by FA.

Position had three levels: utterance-initial, utterance-final,
or utterance-medial. This signified the first phoneme in the ut-
terance, the last phoneme in the utterance, and any phoneme
in between the first and last phonemes respectively. These
utterance-position features were selected because they deal with
a special subproblem in alignment: identifying the start/stop of
an utterance. Type had six levels corresponding to particular
classes of phonemes: vowels (in ARPAbet: IY, IH, EY, EH, AE,
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Table 1: Average forced alignment error by phoneme category
and utterance position. Proportion and count indicate the frac-
tion of the dataset and the number of examples, respectively.

Category Eon % (SD) Eoff % (SD) Proportion
(Count)

Vowels 5.9 (18.7) 3.6 (20.2) .39 (10213)
Approximants 11.4 (46.0) 6.1 (27.2) .065 (1719)
Nasals 9.2 (28.9) 7.0 (24.6) .06 (1561)
Stops 16.2 (49.6) 10.0 (25.6) .27 (7163)
Fricatives 12.0 (33.5) 7.0 (21.4) .2 (5260)
Affricate 8.9 (22.9) 8.4 (17.0) .013 (1719)
Utterance Initial 10.5 (28.4) 8.8 (20.7) .125 (3287)
Utterance Medial 11.1 (37.1) 6.5 (23.5) .75 (19715)
Utterance Final 7.1 (29.4) 4.1 (21.5) .125 (3257)
Overall 10.5 (35.4) 6.5 (22.9) 1.0 (26259)

AH, UW, UH, OW, AO, AA, AW, AY, OY, ER), fricatives (F, V,
TH, DH, S, Z, SH, HH), plosives (P, B, T, D, K, G), nasals (M,
N, NG), approximants (the glides W, Y, and the liquids L, R),
and affricates (CH, JH).
Linear mixed model. We fit the mixed-effects linear model in
(4) (following lme4 [22] notation). Fixed effects for speaker
age, percentage onset error, percentage offset error, phoneme
position, and phoneme type were included. Both by-phoneme
and by-speaker random intercepts were included, as well as by-
phoneme random slopes for onset error and offset error.

∆PLLR ∼ Age + Eon + Eoff + Type + Position +

(1 + Eon + Eoff | Phoneme) +

(1 | Speaker)
(4)

Eon, Eoff and ∆PLLR were all standardized, and categorical
variables were effect contrast coded. The coefficients for each
category can be interpreted as effect sizes (Z scores) for a typi-
cal speaker and a “typical” phoneme.
Data Preprocessing. Individual phonemes for which Eon <
−100% and Eoff > 100% were removed from the dataset. This
step ensured that some part of the ground truth interval was al-
ways contained within the forced aligned interval, avoiding ceil-
ing effects in equation (1) and when predicting ∆PLLR. Only
2.2% of the data was removed by this condition.

3. Results and Discussion
3.1. Alignment Error

Table 1 reports alignment error by phoneme category and
by utterance position. Overall, average onset error was larger
than offset error for every phoneme class and phoneme posi-
tion. Alignment error for utterance-final phonemes was smaller
than alignment error for utterance-initial and utterance-medial
phonemes. We observed the largest alignment errors for stops
(16.2% onset error), fricatives (12.0%), and approximants
(11.4%). The higher alignment error for stops makes sense
given the short duration of plosives. The higher-than-average
alignment error for fricatives and approximants can be at-
tributed to acoustic deviations, as children acquire phonemes
in these classes at an older age [23].

3.2. Results of Statistical Analysis

The effect sizes for the terms of the linear model predicting
∆PLLR are shown in Figure 3. Onset error (Eon) and offset er-
ror (Eoff) had the largest effects on ∆PLLR. Phoneme position

0.4 0.3 0.2 0.1 0.0 0.1 0.2 0.3
Effect Size

(Intercept)

age

UtteranceInitial

UtteranceMedial

UtteranceFinal

Vowel

Affricate

Approximant

Fricative

Nasal

Plosive

Eon

Eoff

Effect Size and 95% Confidence Interval
 for Fixed Effects

Our Aligner
MFA

Figure 3: Effect size of fixed effects in linear model (4). PLLRa

and ∆PLLR were calculated using our forced alignment system
and used to fit model (4) to generate the effect sizes in black.
This procedure was repeated with forced alignments from the
MFA to generate the effect sizes shown in grey.

(utterance-final, utterance-medial, and utterance-initial) had a
small but statistically significant effect, as did speaker age. For
phoneme type, all of the 95% confidence intervals for the effect
sizes included zero.

Upon recomputing alignments with the widely used Mon-
treal Forced Aligner (MFA), ∆PLLR was recomputed and used
to refit model (4). Figure 3 shows that the effect sizes are similar
even when using a different alignment method.
Random Effects. Analysis of the random effects in the model
are provided in Table 2. The significance of the random effects
was established via a likelihood ratio test. While all of random
effects were statistically significant, the comparatively small ef-
fect size of the between-speaker variance (SD=0.045) indicates
that speaker identity has little impact on ∆PLLR. Effect size
was similar (SD≈ 0.25) for the remaining three random effects:
random intercepts by phoneme, and random slopes by phoneme
for Eon and Eoff, suggesting moderate variability in ∆PLLR by
phoneme type and for alignment error by phoneme type.
Accurately Modeling Alignment Error. We did not take the
absolute value of alignment error in Equation (3). In fact, fitting
(4) using the absolute values |Eon| and |Eoff| reduces effect size
magnitude more than sixfold. ∆PLLR may be affected differ-
ently whether the FA boundary is assigned before or after the
manual boundary. Positive alignment error and negative align-
ment error are depicted in Figure 4, Case 1 and Case 2 respec-
tively. Thus, accurate modeling of the impact of alignment error
on ∆PLLR requires accounting for the sign of Eon and Eoff.

Additionally, the sign of the effect size of alignment error
(Figure 3) reveals that alignment error can cause an unexpected

Table 2: Statistical analysis of model (4).

Random
Effect Group SD χ2 Pr(> χ2)

Intercept Speaker 0.045 28.2 < .0001
Intercept Phoneme 0.25 3534 < .0001
Eon

Slope Phoneme 0.231 1464 < .0001

Eoff

Slope Phoneme 0.251 779 < .0001

5135



Figure 4: Alignment error visualized. Regions with color gradi-
ent correspond to coarticulation between phonemes.

increase in automatic PLLR. The increase happens when on-
set error is negative (manual onset before FA onset) or when
offset error is positive (FA offset before manual offset). These
scenarios are depicted in Case 3 of Figure 4. In these cases,
the manual onset boundary is closer to the preceding phoneme
(negative onset) and the manual offset boundary is closer to the
subsequent phoneme (positive offset), so acoustic frames in the
manual interval would include more coarticulation and hence
lower PLLR-valued frames from adjacent phonemes. Put differ-
ently, if the automatic interval omits coarticulated frames, it has
“cleaner” acoustics for PLLR-scoring. Follow-on analysis with
error-by-utterance position interactions found that onset/offset
error did not improve PLLR scores for utterance-initial and -
final phones where there is not coarticulation effects.

3.3. Implications for Practical Use of PLLRa

Our preceding statistical analysis level examined differences in
PLLR scores of individual phonemes. That level of analysis pro-
vides useful, fine-grained information about measurement error.
But in practice, a speaker will not be evaluated on a single to-
ken’s (a specific phoneme occurrance) score but rather on the
speaker’s average level of performance (and perhaps the vari-
ance of productions). Moreover, a speaker’s performance will
be assessed relative to a distribution of other speakers, so the ac-
tual PLLR value and its units are not as important as a standard-
ized score or percentile rating. So, it is important to examine
the consistency of utterance-averaged per-speaker PLLR scores.
These would assess whether discrepancies in PLLR scores at
the token level propagate through to intended use cases.

Figure 5 shows a strong correspondence between the two
sets of standardized PLLR scores. In this case, phonemes scores
were averaged for each speaker, and then for each phoneme, the
speaker means were standardized. The standardized PLLRa and
PLLRm for each phoneme were highly correlated with one an-
other, and the scores in each phoneme class followed similar
distributions. The correlation values and density curves provide
evidence for the reliability of these PLLR scores, but further
work is needed to validate speech assessment via PLLR against
traditional assessments. The aggregated comparison is also re-
peated each utterance position. PLLR scores were averaged per-
speaker, across-phonemes, and per- utterance position to gener-
ate the bottom row of plots in Figure 5. High similarity between
automatic and manual PLLR distributions is again observed.

Our study demonstrates that forced alignment errors,
phoneme position, and phoneme type have moderate effects
when calculating PLLR scores. Other studies have also found
that FA errors do not impact phonetic analysis in child speech

Figure 5: Density of standardized speaker-average PLLR scores
by phoneme class and then by phoneme position. For each
child and phoneme, we computed the child average PLLR score
and then z-score standardized the scores within each phoneme
(or by position). We plotted the distribution of these scores by
phoneme class. The range of Pearson correlations for phonemes
in each category is reported in each subplot corner. Line seg-
ments below subplots represent the differences in mean PLLR
scores for each child (manual on top and automatic on bottom)
and visualize how each child contributes to the density.

when extracting metrics such as center of gravity [24].

Limitations. The relationship between alignment error and
∆PLLR may not be linear and a nonlinear mixed model may
be more appropriate, however those models typically have in-
creased analytic flexibility and we did not have the sample size
to support there use herein. Secondly, the analysis was repeated
for only two alignment methods, our own method adapted from
[18] and the MFA [13]. It is unclear if relative magnitude of
effects in predicting ∆PLLR would be similar for the align-
ers not assayed in this study. Additionally, other variants of the
GOP were not considered in this study (e.g., GOP variants that
only use the numerator of the PLLR in (1), directly using the
phoneme posterior or likelihood rather than using a ratio). We
also expect the influence of alignment error on these GOP vari-
ants to be modest.

4. Conclusion
We demonstrate that differences in pronunciation scores cal-
culated with manual alignments and forced alignments are not
substantially impacted by phoneme position in utterance or by
phoneme class. Evaluating our corpus collected from typically
developing child speech, alignment error had a moderate ef-
fect on the difference between the manual and automatic scores,
∆PLLR. Despite this moderate effect, the distributions of stan-
dardized PLLRa and standardized PLLRm were nearly identical
across all phoneme classes after utterance-wise averaging. Our
results justify the use of PLLR computed using forced align-
ment to measure pronunciation across phoneme types. Future
work will focus on further validating PLLRa against traditional
pronunciation assessments from human raters.
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