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Abstract. This paper proposed improved automatic scoring methods for L2
English speaking tests based on acoustic models with lattice-free Maximum
Mutual Information (MMI). Deep Neural Network (DNN) acoustic modeling
with lattice-free MMI is the state-of-the-art technology in speech recognition
because of its effectiveness in sequential discriminative training. Novel Good-
ness of Pronunciation (GOP) implementations based on lattice free MMI were
proposed to improve the performance of automatic scoring for L2 English
speech tests. Sequential acoustic weights during forced-alignment and posteriors
based on Forward-Backward Algorithm with lattice free MMI acoustic models
were used to improved GOP based automatic scoring. Experimental results
show that our proposed lattice free MMI based methods outperform conven-
tional regular DNN based automatic scoring methods.

Keywords: Automatic scoring � L2 speech evaluation � Goodness of
pronunciation � Lattice free MMI � DNN acoustic models

1 Introduction

English speaking tests have been incorporated in high-stake tests such as National
College English Test (CET), College Entrance Examination and senior high school
entrance examination. It is very time-consuming and labor intense to evaluate L2
speech manually in large-scale tests such as CET. Human raters are usually required to
have some expertise in both phonetics and language education. Therefore, it is not
practical to assess L2 speech manually for large-scale tests.

Computer-Aided Language Learning (CALL) based on automatic speech recog-
nition (ASR) has been very active for the past two decades. One application of CALL
is automatic scoring based on ASR which uses machine learning algorithms to learn
human experts’ scoring strategies from features extracted with speech processing [1–5].

Dramatic improvements have been reported with ASR based on Deep Neural
Networks (DNN) in recent years [6, 7]. Since 2011, we have been working on
improvements of automatic scoring methods for English speaking tests [8–10]. In this
paper, we proposed two novel implementations of Goodness of Pronunciation scores to
better utilize criminative training power of lattice free MMI based DNN acoustic
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models. Experimental results show that our proposed methods outperform conventional
DNN approaches for automatic scoring in high-state English speaking tests.

2 Automatic Scoring for L2 Speech

2.1 Goodness of Pronunciation

The Goodness of Pronunciation (GOP), which is defined as phone level confident sore
extracted for ASR, is often used for evaluate learners’ pronunciation and often used for
automatic scoring [11]. The GOP score can be defined as the following,

GOP pð Þ ¼ log p pjoð Þð Þ

� log
p ojpð Þp pð Þ

max q 2 Qf gp ojqð Þp qð Þ
� log

p ojpð Þ
max q 2 Qf gp ojqð Þ

ð1Þ

where the probability p pjoð Þ is the posterior of phoneme p given speech segment
feature o, Q represents the whole set of all phonemes. The numerator of Eq. (1) is a
likelihood that can be attained with phone-level GMM- HMM forced alignment, and
the denominator is the maximum likelihood of any phonemes recognized by HMM
with a grammar model generated through a phone-loop grammar network.

2.2 DNN Based GOP Implementation

The most popular DNN based ASR engines usually train a neural network to output
HMM state-level probabilities [12]. For state likelihoods, the outputs of DNN are
divided by the priors attained through acoustic model training.

For DNN based acoustic models, GOP can be calculated using the average state
posteriors, which is usually the softmap output of DNN models [7]:

GOP pð Þ ¼ p pjts; te;Oð Þ ¼ 1
te � ts

Xte
ts

pðstjotÞ; ð2Þ

where pðstjotÞ is the state-level posterior that is attained from the output of DNN, ot is
the segment of acoustic feature at time t, ts is the start and te are the end time of the
acoustic feature of phoneme p, which can be obtained with forced alignment. We refer
this baseline definition of DNN based GOP as GOP1.

As mentioned above, with DNN-HMM hybrid acoustic models, the state-level
posteriors are converted to state-level quasi-likelihoods by dividing with the priors of
the HMM states. Therefore, the numerator and denominator of Eq. (1) can be calcu-
lated with forced alignment:
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P ojpð Þ � 1
te � ts

Xte

ts
p(stjotÞ=p stð Þ; ð4Þ

p ojqð Þ � 1
te � ts

Xte
ts

max s�t 2 S
� �ðPðs�t jotÞ=p s�t

� �Þ; ð5Þ

where S represents the full set of all HMM states also called “senones”, p stð Þ the state-
level prior of the state at time t with is attained during DNN-HMM acoustic model
training. If we apply Eqs. (4) and (5) to Eq. (1), we get another GOP score, and we call
it GOP2 hear after. GOP2 is more robust than GOP1, since noises due to acoustic
mismatches appear in the numerator and denominator of Eq. (1) . GOP1 and GOP2 are
used as baseline automatic scores in this study.

3 Automatic Scoring Based on Lattice Free MMI

3.1 Lattice Free MMI Acoustic Modeling

The objective function for estimating HMM parameters of GMM-HMM or DNN-
HMM in speech recognition is define as:

FML ¼
XR
r¼1

logPh OrjWrð ÞP Wrð Þ ð6Þ

¼
XR
r¼1

log
X
s2wr

YTr�1

t¼0

P stþ 1jstð ÞP Or tð Þjstð Þ ð7Þ

where h is the set of HMM parameters, R is the number of all training utterances, Or is
the rth utterance with length Tr, and Wr is all the possible sequences given the
transcription.

Maximum Mutual Information (MMI) is can be considered as a discriminative
objective function which is used to maximize the probability of the reference tran-
scriptions, while minimizing the probability of all other alternatives:

FMMI ¼
XR
r¼1

log
Ph OrjWrð ÞP Wrð ÞPbW Ph Orj bW� �

P bW� � ð8Þ

¼
XR
r¼1

logPh OrjWrð Þþ logP Wrð Þ � log
XbW Ph Orj bW� �

P bW� �h i
ð9Þ

If we take the gradient with respect to parameter h:
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rhFMMI h½ � ¼ rh

XR
r¼1

logPh OrjWrð Þþ logP Wrð Þ � log
XbW Ph Orj bW� �

P bW� �h i
ð10Þ

Since logP Wrð Þ is independent of h, we use rhlogP Wrð Þ ¼ 0,

rhFMMI h½ � ¼
XR
r¼1

rh logPh OrjWrð Þ � rh log
XbW Ph Orj bW� �

P bW� �h i
ð11Þ

¼
XR
r¼1

rh logPh OrjWrð Þ �
PbW P bW� �

Ph Orj bW� �
rh logPh Orj bW� �

PbW Ph Orj bW� �
P bW� �

24 35 ð12Þ

If we define state occupancy probability (word sequence conditioned state poste-
rior) as:

crt sjWð Þ ¼
P

s02s Ph Or; s0jWð Þ
Ph OrjWð Þ ¼ Ph;t sjOr;Wð Þ ð13Þ

where s is the state sequence and W is word sequence, our gradient equation becomes,

rhFMMI h½ � ¼
XR
r¼1

XT
t¼1

X
s

rh logPh Otjstð Þ crt sjWrð Þð

�
PbW P bW� �

Ph Orj bW� �
crt sj bW� �

PbW Ph Orj bW� �
P bW� �

1A ð14Þ

¼
XR
r¼1

XT
t¼1

X
s

rh logPh Otjstð Þ crt sjWrð Þ � crt sð Þð Þ ð15Þ

where crt sð Þ is the general state posterior and computed by Forward-Backward algo-
rithm with denominator graph of the lattice free MMI models, logPh Otjstð Þ can be
obtain through neural network output, and crt sjWrð Þ can be calculate with numerator
graph of LF-MMI models.

Povey et al. [13] used MMI training for lattice free MMI models using a full
denominator graph using a phone-level language model instead of a word-level lan-
guage model for the denominator graph. The conducted the denominator computation
on GPU instead of CPU. The phone-level language model for the denominator graph
was a pruned n-gram language model trained with the phone-level alignments of the
training transcription. Also, the numerator graph doesn’t use the composite HMM and
instead uses a special acyclic which could better utilize the alignment information from
previous acoustic models. The numerator graph of the regular Lattice-free MMI
method can be considered as an expanded version of the composite HMM. The amount
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of the self-loops expansion for each utterance is determined by the alignment (i.e. there
are no self-loops).

3.2 Forward-Backward Algorithm

Forward-Backward (FB) algorithm is widely used to calculate state occupancy prob-
abilities for HMM parameter estimation. crt sjWrð Þ and are calculated through Forward-
Backward algorithm with numerator and denominator graphs.

The forward probability of FB algorithm is the joint probability of observing first t
speech vectors and being in state j at time t, given some model M:

aj tð Þ ¼ P o1; . . .; ot; st ¼ jjMð Þ: ð16Þ

It can be efficiently calculated by the following recursion

aj tð Þ ¼
XN�1

i¼2

ai t � 1ð Þaij
" #

bj bj otð Þ� � ð17Þ

where aij is transition probability from state i to j, bj otð Þ is the probability density of
speech vector ot being generated from state j, and N is the total number of states.

The initial conditions for the above recursion are

a1 1ð Þ ¼ 1 ð18Þ

aj 1ð Þ ¼ a1jbj o1ð Þ ð19Þ

for 1 < j < N and the final condition is given by

aN Tð Þ ¼
XN�1

i¼2

ai Tð ÞaiN : ð20Þ

From the definition of forward probability, aN Tð Þ is the total likelihood PðOjMÞ,
i.e.,

P OjMð Þ ¼ aN Tð Þ ð21Þ

The backward probability is defined as

bj tð Þ ¼ P otþ 1; . . .; oT jst ¼ j;Mð Þ; ð22Þ

and can be computed with the following recursion

bj tð Þ ¼
XN�1

i¼2

aijbj otþ 1ð Þbj tþ 1ð Þ ð23Þ
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The initial condition is given by

bj Tð Þ ¼ aiN ð24Þ

and for 1 < j < N and the final condition is given by

b1 1ð Þ ¼
XN�1

i¼2

a1jbj o1ð Þbj 1ð Þ: ð25Þ

By the definitions of the forward and backward probabilities, if we take the product
of the two,

aj tð Þbj tð Þ ¼ P O; st ¼ jjMð Þ ð26Þ

The state occupation probability in Eq. (13) becomes,

Ph;t sjOr;Wð Þ ¼ P st ¼ jjOr;Mð Þ ð27Þ

¼ P O; st ¼ jjMð Þ
P OjMð Þ ð28Þ

Substituting Eq. (26) and (21) into Eq. (28) gives:

Ph;t sjOr;Wð Þ ¼ aj tð Þbj tð Þ
aN Tð Þ ð29Þ

This demonstrates that state occupation probabilities used for lattice free MMI
training can be computed through Forward-Backward algorithm with numerator and
denominator graphs.

3.3 GOP Scores Based on Lattice Free MMI

As described in Sects. 3.1 and 3.2, the LF MMI training of DNN-HMM models is
compute word conditioned probability which is defined as state occupancy probability
given the word sequences using numerator graph, and general state prior calculated
though denominator graph with all possible sequences in training data.

To fully utilize the discriminative power of LF-MMI, we implemented two novel
GOP scores that can corporate sequential information through LF-MMI. First use word
conditioned probability Ph;t sjOr;Wð Þ at frame level through forced alignment to sub-
stitute DNN out puts pðstjotÞ as used in Eq. (2). Capered with the no-linearity char-
acteristics of DNN outputs, conditioned probability Ph;t sjOr;Wð Þ incorporates
transition probabilities aij and sequential information W pertaining to transcription
which is very suitable for pronunciation assessment of reading-aloud. Therefore, our
first implementation of LF-MMI GOP score is given by
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GOP weight pð Þ ¼ p pjts; te;O;Wð Þ ¼ 1
te � ts

Xte
ts

Ph;t sjOr;Wð Þ ð30Þ

Where W can be viewed as the word sequence from transcription. We call this
implementation GOP weight, because the word sequenced conditioned probability
Ph;t sjOr;Wð Þ can be interpreted as state posterior weights during forced alignment.

During the LF-MMI training, the gradient of the denominator of objective function
is given by general state posterior crt sð Þ which is not dependent of the transcription of a
specific utterance. However, crt sð Þ is computed with denominator graphs that incor-
porates all possible sequences in training data. With the success of LF-MMI models in
speech recognition, we considered that crt sð Þ computed with denominator graph of a
LF-MMI model can effectively general sequential information and thus crt sð Þ is a
reliable state posterior to evaluate pronunciation. As the same with GOP-weight, we
substitute pðstjotÞ used in Eq. (2) with crt sð Þ. We call this implementation of GOP as
GOP_FB, as it is computed through Forward-Backward algorithm with denominator
graph of LF-MMI acoustic models.

GOP FB pð Þ ¼ p pjts; te;O;Wð Þ ¼ 1
te � ts

Xte
ts

crt sð Þ ð31Þ

As crt sð Þ is independent of specific transcripts of a given utterance, GOP-FB can be
used for general pronunciation evaluation purposes, not only for reading-aloud, but
also other more open task such as retelling or spontaneous conversations.

4 Experiments

4.1 Speech Data and Reference Scores

For our evaluation experiments, we used the L2 speech corpus of Shenzhen High
Schools English Speaking Test. We only used the reading-aloud part of the test, in with
students are presented with a one-minute long video and required to read out the
subtitle of the video. The recordings of this reading-aloud speech used for our auto-
matic scoring experiments.

All together we used 600 senteces uttered by 600 students, including 300 male and
300 female students with various levels of overall proficiency (beginners, intermedium
learners and advanced learners). There are 200 learners in each proficiency group.

Three experts were recruited to manually evaluate students’ speech and give an
overall proficiency score for each utterance. The assessment standard is shown in
Table 1.
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4.2 Acoustic Models

Both conventional DNN-HMM and lattice free MMI models were used for computing
different GOP scores. The acoustic models are trained using the Kaldi toolkit [14].
The DNN based models were trained on Librispeech corpus [15].

The acoustic features we used for training monophone and triphone models is mel-
frequency cepstral coefficients or MFCCs and their delta and double deltas. The 40-
dimensional features are then transformed with Linear Discriminant Analysis
(LDA) and Maximum Likelihood Linear Transform (MLLT). For DNN training, we
used time-delay feedforward neural networks with 6 layers. The p of p-norm activa-
tions is set to be 2 and the dimensions of the input and output are set to be 2000 and
250 respectively. The initial learning rate is set to 0.005, which was the reduced
exponentially to a tenth of the original rate. The number of epochs is set to be 8. The
lattice free MMI setups are the same as in [13].

4.3 Experimental Results and Analysis

As mentioned in Sect. 3.2, GOP-weight and GOP-FB were computed based on lattice
free MII models. For comparison, we also calculated baseline GOP scores, GOP1 and
GOP2 based on conventional DNN-HMM models as described in Sect. 3.1.

The correlations between different automatic scores are shown in Table 2. GOP-
weight and GOP-FB show significant improvements over baseline GOP1 and GOP2.

We further investigate the performances of these scores on different groups of
students with beginner, intermediate and advanced proficiency levels. As shown in
Table 3, the proposed GOP-weight and GOP-FB outperform GOP1 and GOP2 on data

Table 1. Assessment standard

Score Scoring standards

5 Fluent and native-like in pronunciation and intonation without any mistakes
4 Fluent and intelligible with minor unnaturalness in pronunciation or intonation. Very

few linguistic or phonetic mistakes
3 Have some errors in pronunciation or unnaturalness in intonation, but most part of

the speech is intelligible
2 Large amount of pronunciation errors and unnatural intonation, but parts of the

speech is still intelligible
1 Severe errors in pronunciation and most part of the speech is unintelligible
0 Completely unintelligible, silence or speaking something unrelated to presented

subtitle text

Table 2. Correlations between automatic scores and reference scores

GOP1 GOP2 GOP-weight GOP-FB

0.72 0.75 0.82 0.81
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in every proficiency group. GOP-weight shows higher performance with advanced
intermediate learners than GOP-FB while GOP-FB performs better with beginners. We
used linear regression models to combine to combine GOP-FB and GOP-weight with
leave-one-out cross verification and yielded the best performance of 0.85 over all the
data.

5 Conclusion

Two novel implementations of Goodness of Pronunciation (GOP) based on lattice free
MMI were proposed to improve automatic scoring of L2 English speech. Experimental
results show that by incorporating sequential information of speech, significant
improvements have been found over the conventional GOP based automatic scoring
methods based on DNN-HMM acoustic models within the Maximum Likelihood cri-
terion. Future work includes combine different features to further improve robustness
of automatic scoring.
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