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Abstract
Automatic spoken language assessment often operates

within a regime whereby only a limited quantity of training
data is available. In other low-resourced tasks, such as in
speech recognition, multi-task learning has previously been in-
vestigated as a potential approach to regularise the model and
maximise the utilisation of the available annotation information
during training. This paper applies multi-task learning to spo-
ken language assessment, by assessing three different forms of
task diversities. These are, concurrently learning scores at dif-
ferent linguistic levels, different types of scores, and different
representations of the same score. Experiments on the spee-
chocean762 dataset suggest that jointly learning from phone
and word-level scores yields significant performance gains for
the sentence-level score prediction task, and jointly learning
from different score types can also be mutually beneficial.
Index Terms: Multi-task learning, language assessment, low-
resource, combination, diversity

1. Introduction
Spoken Language Assessment (SLA) aims to provide an auto-
mated evaluation of oral proficiency, and is an integral compo-
nent within computer-aided language learning. The goal is to
compute a proficiency score that is similar to one that an expert
human rater would have assigned. Training Datasets available
for SLA, such as [1], are often limited in size. Collecting and
manually annotating larger quantities of diverse data may be
expensive. Such low-resource tasks may have limited cover-
age between their training set and intended evaluation domain,
making it challenging to ensure the robustness of the trained
models. Improving the model performance, without having to
resort to expensive data collection, may allow for more reliable
and widespread use of automatic SLA. This may in turn permit
language education to be more accessible to a wider population.

The model’s robustness may be improved by expanding the
coverage of the training set, either by generating additional data
through simulation [2] or by augmenting existing data through
perturbation [3]. Using external datasets can also increase the
training data coverage, for example, in transfer learning from a
different language [4]. Another solution that can aid in a low-
resource scenario is multi-task learning [5], which trains a sin-
gle model by simultaneously optimising multiple criteria. This
is often motivated as being able to improve generalisation, be-
cause the hidden representations that the model learns to extract
may be less specific to any single task [5]. Another motivation
is that each task may provide a different form of information for
the model to learn, thereby widening the diversity of informa-
tion that the model can extract from the data.

When data is annotated with multiple label types, a model
may learn from these jointly in a multi-task framework. In SLA,
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data can be annotated as different types of assessed scores and
at different linguistic levels [1]. This paper investigates the ef-
fectiveness of using different varieties of annotation types to
learn from jointly in a multi-task fashion in SLA. Three varia-
tions of task diversities are explored, namely different linguistic
levels, different score types, and different score representations.
Furthermore, the multiple outputs of a multi-task model can be
interpreted as an ensemble [6]. This paper, therefore, also in-
vestigates applying multi-task ensemble combination to SLA.

2. Relation to prior work
Multi-task learning has been applied across different machine
learning tasks, including natural language processing [7] and
computer vision [8]. In Automatic Speech Recognition (ASR),
previous studies have considered the secondary tasks of recog-
nising multiple languages [9, 10], monophones and surround-
ing contexts [11], Mandarin tones [12], graphemes in addition
to phonemes [13], and multiple sets of senones that are defined
from an ensemble of different clustering trees [14]. Similarly to
this paper, several of these works [11, 12, 13, 14] may also be
interpreted as jointly learning from different annotation types.
At the intersection of ASR and SLA, work in [15] trains an
acoustic model jointly toward the separate tasks of adult and
children ASR, then uses the model for mispronunciation detec-
tion. In the related field of speech emotion recognition, data can
be annotated with the emotion class, together with attributes
such as valence, activation, and dominance [16], and work in
[17] studies the possibility of jointly learning from a variety of
these annotation types. In this paper, multi-task learning is ap-
plied to SLA. The SLA model in [18] jointly learns to predict
the pronunciation and fluency scores, but the effectiveness of
such multi-task learning has not been explicitly proven, as no
comparison against training toward only a single score type has
been presented. Such a comparison is presented in this paper.

In Multi-task learning, diverse forms of annotation infor-
mation may aid the model during training. During evaluation,
ensemble combination can leverage upon the diversity of pre-
dictive behaviours. Works in [19, 20] combine diverse feature
representations as inputs to a single neural network SLA model.
In [21], multiple predicted scores are combined, using combina-
tion weights that are trained as a support vector machine. This
paper uses the multiple outputs of a single multi-task model
as an ensemble, as is done in [6] for ASR. Furthermore, the
scores are combined as an equally-weighted average, avoiding
the need to train the combination.

3. Forms of multi-task learning
A model can be trained toward multiple concurrent tasks, by
optimising a weighted linear average between all of the tasks,

Lmulti-task =

M∑

m=1

λmLm, (1)
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(a) Discrete categorical output (b) Contiuous scalar output

Figure 1: Single-output model topologies for SLA. Pooling is
absent for a phone-level output

where Lm is the criterion for the mth task, λm is its respective
interpolation weight, and M is the number of tasks. It is often
argued that the tasks used should be sufficiently different from
each other, to encourage the learned hidden representations to-
ward not being too specific to any one task [5]. At the same
time, it may be useful for the tasks to be sufficiently similar to
each other, to allow the information from the annotations of one
task to be useful toward the prediction of another task. This
consideration is particularly relevant if the model is operating
near an under-fitting regime, as it may be counterproductive to
waste the model’s limited capacity on an irrelevant task. A bal-
ance between these competing considerations must therefore be
sought among the choices of possible combinations of tasks.

3.1. Diversity of linguistic levels

One possible set of tasks is to learn to predict the assessment
scores at different linguistic levels [22]. An SLA dataset may
be annotated with reference scores at the sentence, word, and
phone levels. It may be reasonable to assume that a human
rater’s judgement of the oral proficiency at one linguistic level
is correlated with that human rater’s judgement of the oral pro-
ficiency at another level. Thus, the information obtained by
learning to predict the score at one level may be helpful toward
another level too. At the same time, a human rater may use dif-
ferent criteria to judge the scores at different linguistic levels.
Therefore, the annotations from each level should still contain
independent information.

3.2. Diversity of score types

This paper also assesses multi-task learning between different
score types at the same linguistic level [22]. SLA datasets
may be annotated with different types of scores. For exam-
ple, the Malay and Tamil data used in [19] are annotated with
the sentence-level pronunciation, fluency, and intonation, while
data in [1] is annotated at the sentence level with accuracy, com-
pleteness, fluency, and prosody. According to [1], accuracy
judges the pronunciation, while completeness judges the frac-
tion of words within the sentence that are pronounced well. Flu-
ency and prosody each judge different aspects of the speaking
rate, pauses, repetitions, and stammering. Each score type as-
sesses a different aspect of the oral proficiency, and at the same
time, a speaker’s proficiency as assessed by one score may be
fairly correlated with the same speaker’s proficiency as assessed
by another score. Thus the tasks are related, but still diverse.

3.3. Diversity of output representations

The representation of the model’s output score can also take di-
verse forms. In SLA, the model’s output can represent either
a categorical distribution over a set of discrete integer scores

(a) Different linguistic levels

(b) Different score types (c) Different output representations

Figure 2: Multi-task model topologies for SLA

[18] or a continuous scalar variable [19]. Furthermore, differ-
ent forms of training criteria may be preferred for each of these
representations. For example, work in [18] trains a categorical
output using a Cross-Entropy (CE) criterion, while [19] trains
a scalar output using a Mean Squared Error (MSE) criterion.
When using different output representations of the same score
as the set of tasks, the different tasks are highly similar to each
other. Diversity of the annotation information between the tasks
may arise as different emphases placed by the different training
criteria, or from the floating point information that is contained
within the continuous scalar score annotation but is lost in the
rounding of the discrete score annotation. Yet another differ-
ence may arise, because the scalar output captures the continu-
ity of the score space, while the categorical output makes no
assumption about the relative distances between the different
score classes. This paper investigates training a model that uses
multiple different output representations of the same score.

4. Model topology
The experiments used models with single outputs, and multi-
task models with multiple outputs. For each sentence, the in-
put was a sequence of feature vectors, with the sequence length
corresponding to the number of phones in the sentence. Mod-
els with a single output are shown in figure 1 and are inspired
by [19]. The features were fed into a Bidirectional Long Short-
Term Memory (BLSTM) layer [23] that had 32 cells per direc-
tion. For models with word and sentence-level outputs, equally
weighted mean pooling was applied to the BLSTM output,
across all phones within each word or sentence. No pooling
was used for a phone-level output, as the input and output have
equal lengths. A linear layer was then used to form the final
output dimension. Two forms of model outputs were consid-
ered. The output could represent a categorical distribution over
integer scores, by using a softmax output layer, shown in figure
1a. Alternatively, a one-dimensional sigmoid output layer was
used to compute a continuous scalar score, shown in figure 1b.

The multi-task models considered in this paper used a sep-
arate output for each task. The BLSTM layer was shared across
all tasks and its output was branched into each of the tasks. The
topologies for the multi-task models that use different linguis-
tic levels, score types, and output representations are illustrated
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in figures 2a, 2b, and 2c respectively. It is hoped that informa-
tion from the annotations of the multiple tasks can all contribute
toward the training of the shared BLSTM layer, and that the rep-
resentations computed by the BLSTM may be more general.

5. Score combination
A multi-task model can have multiple different outputs. In cer-
tain situations, it may be possible to treat each output as a mem-
ber of an ensemble [6], and the predictions of these members
can be combined together to leverage upon their different error
patterns [24]. One such situation is when the separate tasks are
to learn different output representations of the same score. The
combination method used in this paper is a weighted average of
the hypothesised scores from each ensemble member,

scombine =
M∑

m=1

ηmsm, (2)

where scombine is the combined score, sm is the hypothesised
score from the mth member in the ensemble, that has a combi-
nation weight of ηm, such that

∑
m ηm = 1 and ηm ≥ 0. The

advantage of this combination method over majority voting [24]
is that it can be used when the ensemble has only two members.
The advantage of this over probabilistic approaches [25] is that
there is no requirement for the members of the ensemble to have
outputs that must represent probability distributions.

6. Experiments
6.1. Setup

Experiments were performed on the speechocean762 dataset
[1]. This comprises train and test sets with 2500 sentences each.
250 sentences from within the 2500 of the train set were held
out for validation, without enforcing speaker set disjointment.
The sentences were in English and were uttered as read speech
by a disjoint group of 125 native Mandarin speakers in each of
the train and test sets. Proficiency scores at the sentence, word,
and phone levels were provided by five human raters. The five
scores were averaged at the phone level, and the median was
taken at the sentence and word levels to compute the reference
score. The scores at the sentence and word levels range between
0 and 10, while the phone-level score ranges between 0 and 2.
Following the terminology in [1], the sentence-level score types
are accuracy, completeness, fluency, and prosody. The word
scores are accuracy and stress. The phone score is accuracy.

As is done in the baseline recipe in [1], the experiments first
used the Kaldi toolkit [26] to train a CE hybrid ASR model on
the Librispeech dataset [27]. This was used to force align the
train and test speechocean762 data. Following the setup in [19],
goodness of pronunciation [28], log phone posterior [28], log
posterior ratio [28], tempo [19], phonetic embedding [19], and
pitch features were computed per phone, according to the forced
alignment. The tempo features were spliced with left and right
contexts of two phones each. All features were concatenated
together to form a total dimension of 131. Global per-dimension
mean and variance were computed across the train set, and used
to normalise the features.

The SLA models, described in section 4, used a sequence of
these feature vectors per sentence as input, with there being one
feature vector per phone. Dropout layers [29], which zeroed
out 60% of the dimensions, were placed before the BLSTM and
linear layers. The SLA models were trained using an AdamW
optimiser [30] with a fixed base learning rate.

Table 1: Jointly learning multiple linguistic levels

Training PCC / MSE for accuracy score at level
level phone word sentence
phone 0.486 / 0.12 - -
word - 0.544 / 2.29 -
sentence - - 0.672 / 1.37
multi-task 0.481 / 0.12 0.548 / 2.29 0.690 / 1.29

A model with a categorical output was decoded by choos-
ing the expected score from the posterior distribution as the hy-
pothesis. At the phone level, this decoding method may match
well with the method of obtaining the reference scores, which
was by averaging the scores across the multiple human raters.
For a model with a continuous scalar output, the sigmoid out-
put was taken as the decoded hypothesis, and was then scaled to
the bounds of the score range. The SLA models were assessed
by computing the Pearson’s Correlation Coefficient (PCC) and
MSE metrics, against the average or median human rater refer-
ence. Following [1], both the hypothesised and reference scores
were rounded to the closest integers before computing the per-
formance metrics.

6.2. Statistical significance

Statistical significance between two performance metrics was
measured only at the sentence-level, because at the word and
phone levels, it may be more questionable as to whether out-
puts of different words or phones within the same sentence are
truly independent of each other. For MSE, the two-sided paired
t-test was used. Unlike the MSE, the PCC cannot be easily ex-
pressed as an expectation over data samples. Thus, the central
limit theorem cannot naively be used. Instead, by following
the paired Z∗

1 test approach in [31], an approximately normally
distributed transformation [32] was first computed from the two
PCCs being compared. Then, the significance was computed as
the two-sided cumulative density of the transformed quantity.

6.3. Linguistic levels

The first experiment investigates using different linguistic lev-
els to define the tasks. Separate single-output models were first
trained at each of the sentence, word, and phone levels, to-
ward their respective accuracies. All models had categorical
outputs and were trained using the CE criterion. A multi-task
model, shown in figure 2a, was also trained jointly toward all
of the sentence, word, and phone accuracies. The multi-task
training criterion, as in (1), was a weighted sum between the
cross-entropies of the sentence, word, and phone-level accura-
cies. The interpolation weights were tuned, such that the CE
curves on the validation set for each of the constituent criteria
reached their respective valleys at approximately the same train-
ing iteration. When performing evaluation on the test set, only a
single output of the multi-task model was used, with the choice
of output corresponding to the linguistic level being evaluated.
As such, the effective number of parameters in the multi-task
model is the same as that in the single-output model during
evaluation. As a performance baseline, a support vector ma-
chine approach for predicting the phone-level accuracy in [1]
achieves PCC and MSE values of 0.45 and 0.16 respectively.

Table 1 compares the separate models against the multi-task
model. The results show that multi-task learning yields gains at
the sentence level, with significances of ρPCC = 0.0006 and
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Table 2: Jointly learning multiple score types

Training PCC / MSE for sentence score of type
score accuracy fluency prosody
accuracy 0.672 / 1.37 - -
fluency - 0.715 / 1.02 -
prosody - - 0.725 / 0.99
multi-task 0.694 / 1.31 0.730 / 0.98 0.737 / 0.96

ρMSE = 0.0019. At the word and phone levels, the multi-task
model performs similarly to each of the single-output models.
This may suggest that information about language assessment
at the finer linguistic levels may be useful toward the task of
language assessment at the sentence level. A possible alterna-
tive explanation of this trend may be that training data is fairly
sparse at the sentence level, with only one output reference la-
bel per sentence. Thus, sentence-level modelling may benefit
more from the regularisation effect of multi-task learning than
the finer linguistic levels do. To assess this, the sentence-level
PCCs, measured on the 2500 sentences in the train set, are 0.799
and 0.836 for the single-output and multi-task models respec-
tively. The differences between the train and test set PCCs are
0.127 and 0.146 for the single-output and multi-task models.
Therefore, multi-task learning seems to widen the performance
gap between the train and test sets, which does not support the
hypothesis that multi-task learning is regularising the sentence-
level behaviour. Despite this, the multi-task model still exhibits
a better test set performance at the sentence level.

6.4. Score types

The next experiment investigates multi-task learning between
different score types. All models used sentence-level categor-
ical outputs. Single-output models were trained using CE cri-
teria toward each of the sentence score types, namely the accu-
racy, fluency, and prosody. The completeness score was avoided
here, because it has a fairly severe label imbalance that makes
it difficult to use. A multi-task model with three outputs was
trained toward the accuracy, fluency, and prosody scores, shown
in figure 2b. Equal interpolation weights were used here.

Table 2 compares these single-output and multi-task models
over the various sentence-level score types. Performance gains
for the accuracy, fluency, and prosody are observed in the multi-
task model, compared to each of the single-output models. The
significances between the accuracies are ρPCC = 0.0001 and
ρMSE = 0.0227, between the fluencies are ρPCC = 0.0029 and
ρMSE = 0.0272, and between the prosodies are ρPCC = 0.0389
and ρMSE = 0.1776. The MSE performance gains are not al-
ways significant. The train set reference annotations for the
three score types, after taking the median over the multiple
raters, are themselves fairly correlated with each other, with
PCCs of 0.805 between accuracy and fluency, 0.797 between
accuracy and prosody, and 0.932 between fluency and prosody.
Despite these high correlations, the results suggest that there
may still be independent information within each separate score
type that helps in the prediction of the other score types. This
validates the use of such multi-task learning in [18].

6.5. Output representations

The final experiment assesses multi-task learning between dif-
ferent output representations of the same score type. All mod-
els were designed to compute the sentence-level accuracy. Two

Table 3: Jointly learning multiple output representations

Training PCC / MSE for output representation
representation scalar categorical combine
scalar 0.690 / 1.41 - 0.695 / 1.27categorical - 0.672 / 1.37
multi-task 0.670 / 1.57 0.669 / 1.40 0.672 / 1.39

separate single-output models were trained. One used a con-
tinuous scalar output that was trained using an MSE criterion.
The other used a categorical output that was trained using a CE
criterion. A multi-task model with both of these output types,
shown in figure 2c, was also trained. The multi-task interpola-
tion weights were again tuned such that the constituent criteria
computed on the validation set converged to valleys at about the
same training iteration.

The comparison between these single-output and multi-task
models in table 3 shows that the multi-task model does not im-
prove upon the performances of each of the single-output mod-
els. This suggests that it may not be beneficial to concurrently
learn different representations of the same score.

In [6], ensemble combination is performed across the mul-
tiple outputs of a multi-task model. It is possible to apply com-
bination to the ensemble with different output representations
of the same score in table 3, to leverage upon the diversity of
error patterns. The combination method of (2) was used, with
equal combination weights. The results show slight but consis-
tent gains yielded by the combinations, compared to either the
separate single-output models or each of the separate multi-task
outputs. The significances between the best single-output mod-
els of each metric and their combination are ρPCC = 0.3992 and
ρMSE = 3 × 10−5. Thus, the combination gains do not exhibit
consistent statistical significance. The combination gains for the
multi-task model are even smaller. Some complementary diver-
sity may exist between the error patterns arising from each of
the different output representations, but the limited significance
restricts the confidence in this conclusion.

Inspired by [33], the diversity between the hypotheses of
two models can be assessed by computing the inter-model eval-
uation metrics, with one of the sets of hypotheses being treated
as the reference. The PCC and MSE computed between the two
sets of hypotheses from the multi-task outputs are 0.944 and
0.29 respectively, while those between the hypotheses of the
two single-output models are 0.820 and 0.72. This shows that
the diversity between the hypotheses of the two separate single-
output models is wider than that between the two outputs of the
multi-task model. This is despite both of the single-output mod-
els being in closer agreement with the reference, compared to
the agreement between the multi-task hypotheses and the refer-
ence. The reduced diversity between the multi-task hypotheses
may be due to the shared BLSTM layer and the joint training.
This limited diversity may be a reason why the multi-task com-
bination does not appear to yield any large performance gain.

7. Conclusion
This paper investigates the efficacy of various forms of multi-
task learning in SLA, by considering different diversities of
tasks. The results suggest that concurrently learning different
linguistic levels and different score types may be beneficial, but
learning different representations of the same score type may
not be. A future extension of this work may consider jointly
learning from all forms of task diversities at the same time.
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