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ABSTRACT

A Gaussian process (GP) computes an explainable distributional
uncertainty by hypothesising higher output uncertainty for query in-
puts far from the training inputs. However, a GP may not capture
data uncertainty well. Accurate data uncertainty estimation may be
important for subjective tasks, such as Spoken Language Assessment
(SLA), where human expert raters may disagree on the output scores.
This paper shows that a variational approximation of a GP has ca-
pacity to learn data uncertainty from the training data. However,
standard training criteria tune only a scalar noise hyper-parameter
toward the standard deviation of the output reference, thereby limit-
ing the learning of this uncertainty. A training criterion is proposed
to explicitly encourage the GP posterior to emulate the distribution
of scores from multiple raters. Experiments on the speechocean762
SLA task show that this allows the GP to better express data uncer-
tainty and improves the modelling of inter-rater disagreements.

Index Terms— Data uncertainty, Gaussian process, variational,
Kullback-Leibler divergence, spoken language assessment

1. INTRODUCTION

The Gaussian Process (GP) [1] has a different modelling paradigm
than a Neural Network (NN). A NN stores information about the
training data in its many parameters, then uses these learned param-
eters to process run-time queries. During run-time, the GP instead
compares the similarity between the query input and all training in-
puts, to hypothesise an output that is correlated with the reference
outputs of nearby training inputs. This yields an explainable distri-
butional uncertainty [2], where outputs for query inputs that reside
far from the training inputs are hypothesised with high uncertainty.
NNs may instead be overly confident about wrong hypotheses, espe-
cially for out-of-domain query inputs [3]. A GP may also reduce the
influence of model uncertainty, through its interpretation as being
a marginalisation over functions [1]. This is the uncertainty of not
knowing which model design is most appropriate for the task [4].
However, the standard GP does not naturally compute data uncer-
tainty [5], which is the uncertainty about what the output should be,
due to noise or insufficient information in the input, or due to over-
lapping inputs from different output classes [4]. This paper aims to
improve the ability of the GP to compute data uncertainty, thereby
allowing this model type to capture a more holistic representation of
all three forms of uncertainties. It is shown that by using a varia-
tional approximation of the GP, the variational parameters may in-
troduce the ability to capture data uncertainty from the training data.
However, it is also shown that standard approaches to train standard
and variational GPs may not yield hyper-parameter and variational
parameter values that capture data uncertainty. This paper then pro-
poses a training criterion to allow for data uncertainty to be learned.
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The proposed approaches are evaluated on a Spoken Language
Assessment (SLA) task. In automatic SLA, a model hypothesises
a score from input speech, reflecting an aspect of the speaker’s oral
proficiency. Examples of oral proficiency aspects include pronun-
ciation accuracy, intonation, fluency, prosody, sentence complete-
ness, task completion, and topic relevance. The hypothesised score
is expected to emulate one that an expert rater would have assigned.
However, SLA is a subjective task, where different expert raters of-
ten assign different scores to the same input speech. These inter-rater
disagreements are reminiscent of data uncertainty, as each rater as-
signs the output based on only the available input information. The
subjectivity arises because of the difficulty of writing a scoring rubric
that covers all possible disagreement scenarios. This limited rubric
coverage leaves room for the rater’s subjective bias to influence the
score assigned. Increasing the coverage of the rubric may reduce
the inter-rater disagreements, but may then not generalise well to the
needs of a new application scenario, where different rubric choices
may instead be preferred. Instead of seeking to reduce inter-rater
disagreements, this paper aims to improve the model’s ability to cap-
ture such data uncertainty. A model that accurately predicts rater
disagreement provides useful information that can better inform the
feedback given by the system. This can mitigate poor user experi-
ence by not overly penalising a user for a low hypothesised score,
when it is also predicted that raters would likely disagree. When
rater disagreement is predicted, the system can be designed to seek
user clarification or expert human intervention.

2. RELATED WORK

The extensions to a GP investigated here consider tasks where mul-
tiple reference output samples per input are provided for the same
task. This differs from a multi-output GP [6, 7], which instead con-
siders a multi-task framework [8], where the multiple outputs rep-
resent different tasks. The availability of multiple reference output
samples is particularly relevant to subjective tasks, where annotators
may not agree on what the correct output should be for each input.
This paper evaluates the proposed approach on an SLA task. Other
subjective tasks that are often labelled with multiple output samples
include emotion recognition [9] and stutter detection [10]. The pro-
posed approach trains a GP to emulate the density function repre-
sented by the multiple reference output samples. A NN can also be
trained toward a reference distribution [11]. Knowledge distillation
[12, 13] instead trains a student model to emulate an output distribu-
tion obtained from a teacher model. The proposal aims for a model
to emulate the uncertainty expressed between multiple human raters,
assuming that it is difficult to obtain a true reference score in a sub-
jective task. Rasch modelling [14] and proportional reduction mean
squared error [15] instead assume an observational variance that oc-
cludes a true reference score, and aim to infer this true reference
from the multiple rater scores. In this paper, a single model both in-
fers a hypothesis and expresses uncertainty about that hypothesis. It



is also possible to compute the confidence using a separately trained
confidence estimation module [16].

3. GAUSSIAN PROCESS

This section describes the formulation of a standard GP. Given a set
of input features, X, a GP computes latent variables, f, that are
jointly Gaussian distributed in the GP prior,

p(£1X) = N (£:0,K°%). M

The covariance between the latent variables is computed using the
kernel, K, which measures a similarity between the input features.
For brevity, the short-form notation of K**' is used to represent a
kernel that measures the similarity between features X and X'. The
experiments in this paper use the squared exponential kernel,
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where s and [ are the scale and length hyper-parameters respectively,
and ¢ and j are data point indexes. When given the latent variables,
the outputs, y, are assumed to be Gaussian distributed,

pWlf) =N (y; £,0°0), 3)
where hyper-parameter o expresses noise in the observed output. A

GP assumes that the outputs are conditionally independent of the
inputs when given the latent variables, with a marginal likelihood of

pIX) = [p@IApFXdf =N (40,505 +0°1). @

A standard approach to tune the GP hyper-parameters is to max-
imise the Marginal log-Likelihood (ML) of the training data,

Fv = logp (yX). Q)

For a query input, &, a posterior over the query latent variable, f, is

p(ﬂa,y,x)—W—N(ﬁﬁﬁ), (©6)
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The output for this query is then inferred from the output posterior,
p(@12.y.X)=[p(3]F) p(7]2.v.X) dF NG5+ o). ©)

4. MULTIPLE OUTPUT SAMPLES

The standard GP assumes that the training data comprises only a sin-
gle scalar reference output for each input. This section describes a
proposed extension to allow the GP to utilise multiple reference out-
put samples in the training data. In SLA, a scalar reference score
can be computed as either the majority vote, average, or median of
the multiple rater scores [17]. This scalar reference can then be used

with a standard GP [18]. However, compressing the multiple ref-
erence outputs into a single scalar reference may omit information
about data uncertainty in the training set. A naive method of allow-
ing the GP to use multiple reference output samples is to replicate the
training input for each reference output sample associated with that
data point. However, this increases the size of the kernel, which then
necessitates more expensive computation during both training and
run-time inference. The computational cost can be reduced by notic-
ing that the kernel computes perfectly correlated latent variables for
repeated inputs. Perfectly correlated random variables will always
have the same value as each other, and there is thus no need to sep-
arately compute each of them [19]. Without repeating the input and
latent variable for each reference output sample, the output density
can be expressed as

p(Y[f) :HﬁN(%;ﬁ,oz) (10)
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Here, 1t and 1’ are the mean and biased standard deviation of the

multiple reference output samples, the operator D (w) converts vec-

tor w into a diagonal matrix, and R; is the number of raters who

annotated the ith input. Also, Y represents a collection of the refer-

ence outputs from all raters, where y,,. is the score assigned by the

rth rater for the :th input. This output density can be combined with
the GP prior in (1) to compute a joint marginal likelihood of

P (Y1) = [ o (X1£)p(£1%) df (14

—N (ﬁ; 0,K** 4D (w)) N (7;0,D (w)) g. (15)

The hyper-parameters can be tuned to the multiple reference output
samples by maximising the Joint Marginal log-Likelihood (JML),

Fin = logp (Y|X) . (16)

Inference can also be performed with the multiple reference out-
put samples. The joint density between the query latent variable and
the training set multiple output scores is

p(X|eX)= [ (752 X) p (YI1) df a7
v([ZlofiSe ipe|) Vo)
The posterior of the query latent variable is then
p(ﬂa,?,x) —W—N(ﬁﬁ,ﬁ), (18)
where
=k [KXX 4D (w)] ' (19)
b=k X [KXX +D (w)] T exe, (20)



Finally, the query output posterior is
p (|2, Y. X) =N (52,0 + 7). @n

This formulation is referred to as the joint GP.

5. PILOT STUDY ON SIMULATED DATA

The concepts discussed in sections 6 and 7 are visualised through
a toy example in Fig. 1. This simulated dataset comprises a one-
dimensional sine wave, with missing input regions and noise in the
output. The training inputs comprise 120 equally spaced points from
10 to 40 and another 120 points from 60 to 90. The input regions be-
fore 10, between 40 to 60, and after 90 simulate a lack of training
data coverage. For input regions between 10 to 20, 30 to 40, 60 to
70, and 80 to 90, the reference output is assigned as the sine of the
input, simulating noise-free outputs. Within input region 20 to 30, a
single reference output is sampled per input from a normal density
function with a mean at the sine of the input, simulating Gaussian
noise in the observed output. Within input region 70 to 80, 5 refer-
ence outputs are sampled per input, again from a normal density with
a mean at the sine of the input, simulating multiple noisy observa-
tions per input. In the following sections, several variations of GPs
are fitted toward this simulated training data, and the hypothesised
means and standard deviations of the posteriors are plotted in green.
The ideal expression of uncertainty is for the model to predict low
uncertainty at input regions where the reference outputs are noise-
free, high distributional uncertainty at input regions without training
data, and high data uncertainty at input regions where the reference
outputs are noisy.

6. DATA UNCERTAINTY IN INFERENCE

A GP computes interpretable distributional uncertainty by hypothe-
sising highly uncertain outputs for query inputs that reside far from
the training inputs. It also reduces model uncertainty through a
marginalisation over functions. This section discusses how data un-
certainty can be modelled in a GP.

6.1. Exact Gaussian process

The posteriors of both the standard (9) and joint (21) GPs have vari-
ances that are independent of the training set reference outputs. The
posterior variance is thus not influenced by whether different refer-
ence outputs are close together or not, for the same or nearby inputs.
This suggests that the GP may not be suited to compute data un-
certainty [5]. This is illustrated in Fig. 1a and 1b, showing similar
hypothesised output standard deviations, regardless of whether the
reference outputs at those input regions are noise-free or noisy.

6.2. Inducing variables approximation

This paper proposes that a form of variational approximation to the
GP may be able to better model data uncertainty. Before describ-
ing how a variational GP may model data uncertainty, the more
common motivations for the variational approximation are first ex-
plained. The variational GP is originally motivated by its reduction
of the computational cost and its ability to handle non-Gaussian out-
put densities, rather than for data uncertainty. A GP can be com-
putationally expensive to use, because of the need to perform matrix
inversions in the gradient computation of (5), and during inference in
(7) and (8). This cost scales cubically with the training set size. Fur-
thermore, the dependence between the outputs for different training

data points in (5) encumbers expressing this criterion as an expec-
tation over data points, thereby hindering application of mini-batch
optimisation to reduce this computational cost.

Sparsifying the training data helps to alleviate these issues [20].
That is, to represent the training data by a smaller number of induc-
ing points. The matrix dimensions will then scale with the number of
inducing points instead of the training set size, thereby reducing the
computational cost. The variational approximation [21] is one such
sparsification method, where the prior in (1) and posterior in (6) are
treated as the same, and represented by the approximate density of

q (ﬂi) = /p (ﬂ:’c\, u; Z) q (u) du, (22)

where inducing inputs, Z, and corresponding inducing latent vari-
ables, u, summarise the training data. To allow greater expressive-
ness, the inducing latent variables are not represented as individual
points, but instead as a density over the outputs. A Gaussian den-
sity can be used, such that ¢ (u) = N (u;m,S), where m and
S represent the mean and covariance respectively. The variational
parameters are Z, m, and S. The output posterior of (9) is then
approximated as

1(@@ = [ »(3]7) a(7]z) aF @3)
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where @ = K%2 ™ %2,

The inducing latent variables, u, represent noise-free inducing
outputs. The diagonal of S represents the variance and uncertainty of
the value that each inducing latent variable should take. The approx-
imate output posterior in (24) contains S in its covariance. Thus, the
uncertainty about what value each inducing latent variable should
take does influence the posterior uncertainty. This differs from the
posteriors in (9) and (21), where the posterior variance is indepen-
dent of the training set reference outputs.

6.3. Marginalise over reference outputs

When multiple reference output samples are available, these multi-
ple outputs can be used to form a reference output density, p™ (y).
Taking inspiration from (23), this paper proposes that the posterior
can instead be expressed as a marginalisation over all possible train-
ing set reference outputs,

p12) = [ 23183 %) 5 () dy es)
By using an approximation of independent Gaussians,

P @) = [V (w7, (26)

where the unbiased standard deviation of the multiple outputs is

. =/ 755 7;, (25) becomes

p(713) :N(y)bT*, ke +bT[]DJ(ﬁ) _KXX 7021]b+a2), 27)

whereb:[K)Q(—l—fI}_lk?@ The posterior variance here is dependent on
the multiple reference output samples, analogously to (24). The stan-
dard deviation of the reference outputs affects the posterior variance,
thereby allowing data uncertainty evident in the training data to in-
fluence the data uncertainty expressed at run-time. This is illustrated
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Fig. 1: Toy example to demonstrate the ability of the GP to model uncertainty

in Fig. 1c without hyper-parameter tuning, showing a larger hypoth-
esised output standard deviation at input region 70 to 80, where there
are multiple noisy output reference samples per input.

Although this approach allows explainable data uncertainty in
the posterior, it is not obvious what training criterion to use to op-
timise the GP hyper-parameters. The reference outputs already ap-
pear in the reference density on the right side of (25). The absence
of hyper-parameter optimisation in Fig. 1c yields poor calibration of
the prediction. Furthermore, Fig. 1¢ suggests that data uncertainty is
only captured where there are multiple reference output samples per
input, and not where there is only a single noisy reference output.
This approach follows a Bayesian philosophy, by marginalising over
the uncertainty about what the reference output should be. The joint
marginal log-likelihood optimisation in (16) is instead a frequentist
approach, by maximising the likelihood of what has been observed.

7. DATA UNCERTAINTY IN TRAINING

The previous section has discussed that either a variational approx-
imation or Bayesian approach can allow the GP posterior to model
data uncertainty. This section discusses how the GP hyper and varia-
tional parameters can be optimised to better express data uncertainty.

7.1. Marginal likelihood

By extending the marginal log-likelihood in (5) to the joint marginal
log-likelihood in (16), it is hoped that the hyper-parameters can be
tuned with knowledge of the multiple reference output samples, and
thereby learn from the data uncertainty exhibited in the training data.
However, (15) shows that by maximising Frwmr, it is only the scalar
noise hyper-parameter, o, in w that learns to fit the uncertainty ex-

pressed in the reference standard deviation, 77’. This scalar hyper-
parameter may not suffice to learn an output data uncertainty that
varies across regions of the input space. Fig. 1a and 1b show that
these approaches do not adequately express data uncertainty.

7.2. Variational lower-bound

The hyper and variational parameters of the variational GP can be
optimised by maximising the Evidence Lower BOund (ELBO) [22],

FELBO =

S fatsi o) o puil £ | -KL{a(w) (s 23}, 28)

where the Kullback-Leibler (KL) divergence between the variational
inducing latent variable density and the inducing GP prior is

) _ q(u)
KL {q () |p (u: Z)} = / awlog 4au @)
p(w;Z) = N (u;o,KZZ) . (30)

This is a lower bound to the marginal log-likelihood, Fmr > FeLso-
As discussed in section 6.2, a motivation for the variational approxi-
mation is to reduce the computational cost of training. The criterion
in (28) can be expressed as a sum over data points. This allows a
mini-batch approximation of the gradient to be used. Moreover, it is
simple to substitute in non-Gaussian output densities into (28).

This paper proposes that this variational criterion can be ex-
tended to allow multiple reference output samples, simply by chang-
ing the output density to a multiple output form, as

FieLeo = [Z/Q(fim)logp(yﬁfi)dfi —KL{q(u)|[p(u; Z)}. (31)



This Joint ELBO (JELBO) can be shown to be a lower bound to the
joint marginal log-likelihood, Fymi > Fierso. Training using this
criterion is depicted in Fig. 1d. The figure suggests that the criterion
may place too much emphasis on data points that have multiple ref-
erence outputs, causing the standard deviation there to shrink, which
opposes the intended effect. This overemphasis can be mitigated by
normalising by the number of reference output samples,

—KL{q(u)[|p(u; Z)}.

(32
Fig. 1e shows that normalisation removes the unintended reduction
of the standard deviation.

However, Fig. 1d and le suggest that Figrpo and JFg; o may not
encourage the GP to learn to be more uncertain where the training
data shows more output noise. When the output density of (11) is
substituted into (32), the terms that are dependent on the output are

/
-FJELBO =

Z%/Q(ﬁlmi)logp(gi|fi)dfi

) 1 _ »
FIELBO KZﬁ[/Q(fﬂwz')lOgN(M; fi,wi)dfi+log N (75 0, wsi)|.

(33)
Similarly to Fymr, only the scalar o in w; directly learns to fit the
reference uncertainty expressed in 77, when maximising Fg; go-

7.3. Train posterior to emulate reference density function

This paper proposes to encourage the GP hyper and variational pa-
rameters to better learn about the data uncertainty in the training
data, by explicitly training the approximate posterior toward the ref-
erence density function, through a KL divergence minimisation,

Faw=—Y / P (yi) log ¢ (yil@:) dy. (34)

The approximate posterior in (24) may capture training set data un-
certainty in S. The per-data point reference density function can be
represented as either a mixture model of delta functions centred at
each of the reference output samples, or a Gaussian approximation
P (yi) =N (v 105, ﬁf) , both are mathematically equivalent when
substituted into (34). This criterion aims to train the posterior to
emulate the uncertainty expressed in the reference density function.

However, this criterion ignores any joint dependence that the
GP enforces between the outputs across different data points, and is
thus somewhat mismatched with the GP formulation. Ignoring the
dependence allows avoidance of the issue of determining what it may
mean for multiple output samples across multiple data points to be
jointly dependent. Also, (34) implies that if multiple output samples
are to be sampled from the same input, then each instance would
first sample a separate instance of the latent variable. This differs
from (14), which instead enforces that any latent variables sampled
from the same input must be perfectly correlated. Because of these
mismatches, the criterion is not used on its own, but is interpolated
together with the variational lower bound,

F = ]:J/ELBO - /\]:Kh (35)

where A > 0 is the interpolation weight.

A variational GP trained toward (35) with A = 5 is illustrated
in Fig. 1f. This GP is able to hypothesise a larger output standard
deviation at input regions where there are multiple noisy reference
output samples, and surprisingly, also at input regions where there is
only a single noisy output reference. This suggests that the proposed
approach allows the GP to learn to express data uncertainty.

In a dataset, uncertainty about the reference output can be ex-
pressed by obtaining output samples from multiple raters. This pro-
vides a convenient reference density function to train toward and to
evaluate against. However, employing multiple raters can be expen-
sive. Fig. 1f shows that the proposed method allows the GP to learn
from a limited number of data points that have multiple reference
output samples, to also hypothesise reasonable output uncertainty at
input regions where the training data only has single reference out-
puts. Thus, it may not be necessary to expend resources to collect
multiple output samples for all training data points, in order for the
model to learn to hypothesise reasonable data uncertainty.

8. EXPERIMENT ON SPOKEN LANGUAGE ASSESSMENT

In addition to the toy experiment in Fig. 1, the proposal is also evalu-
ated on the speechocean762 [17] SLA dataset. This comprises 2500
English read sentences from 125 disjoint native-Mandarin speakers,
in each of the training and test sets. At the sentence level, each
sentence is annotated with pronunciation accuracy, fluency, prosody,
sentence completion, and a holistic score. These are provided by 5
raters per sentence, as an integer between 0 and 10, where 10 is best.
A scalar reference was computed as the mean of the multiple refer-
ence output samples, and compared against in the Pearson’s Corre-
lation Coefficient (PCC) and Mean Squared Error (MSE) evaluation
metrics. This differs from [17], which instead uses the median. A
scalar hypothesis was inferred from the GP posterior as the equiv-
alent mean/mode/median. The PCC and MSE assess how well the
hypothesised score matches the scalar reference score. However, this
paper is more interested in the match between the hypothesised pos-
terior and the reference density function, thereby assessing whether
the model and group of raters express similar uncertainties about the
score. This was measured by computing the unnormalised differen-
tial KL divergence of (34). Statistical significance between a pair of
KL divergences was measured using a two-tailed paired ¢-test.

The audio and text were first force-aligned using a hybrid speech
recognition model, trained on the 960 hours Librispeech data [23]
toward the cross-entropy criterion using Kaldi [24], following [17].
From the alignment, Goodness Of Pronunciation (GOP) [25], Log
Phone Posterior (LPP) [26], Log Posterior Ratio (LPR) [26], tempo
[27], and Pitch [28] were extracted for each phone. Phone em-
beddings were extracted using a continuous skip-gram model [29]
with a 32-node recurrent NN [30] hidden layer, trained on the non-
silence training set phone sequences. These features were concate-
nated to form one feature vector per phone. The Wav2Vec (W2V) 2.0
XLSR-53 model [31] was also used to obtain acoustic embeddings.
A learned weighted sum combined the embeddings from all trans-
former layers into one embedding per frame. Then, mean pooling
computed one embedding per phone. When used, these embeddings
would be concatenated with the previously described features.

The feature extractors and GP SLA model are illustrated in Fig.
3. A sequence of features, with one vector per phone in the sen-
tence, was used as input to a sentence-level feature extractor. Two
variations of sentence feature extractors were used, to assess the
generalisability of the proposed approach. The first variation did
not concatenate the W2V embeddings. The feature sequence was
parsed through a Bidirectional Long Short-Term Memory (BLSTM)
layer [32] with 32 nodes per direction, followed by mean pooling
across the sentence to obtain one embedding per sentence. Dropout
[33] with 60% omission was used. This resembles the setup in [34].
The second variation concatenated the W2V embeddings. The fea-
ture sequence was parsed through 3 8-head 24-dimensional trans-
former layers [35], followed by attention pooling across the sen-
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tence. Dropout with 10% omission was used. This is inspired by
[36]. The embeddings after sentence pooling were used as inputs to
the GP. The feature extractors were not trained together with the GP
to avoid potential overfitting [37]. Instead, the output layers shown
in Fig. 3 were used to compute scalar scores from the sentence-level
embeddings, which were then trained using an MSE criterion to-
ward the scalar reference scores. The parameters were optimised
using gradient descent with an AdamW [38] optimiser and early
stopping on a 10% held-out validation set. The W2V parameters
were frozen to avoid overfitting. Previous GP works have used hand-
crafted sentence-level features [18] or designed kernels to operate on
sequences [39]. The GP was implemented using GPyTorch [40].

The experiment evaluates the ability of the GP to model the un-
certainty expressed within the multiple reference output samples.
Two setups were used, to show generalisability. The first computed
the sentence-level pronunciation accuracy using the transformer sen-
tence feature extractor with W2V embeddings concatenated at the
input. The second computed the sentence-level fluency using the
BLSTM sentence feature extractor without W2V embeddings.

A standard GP was trained toward Fy. with a scalar reference.
A joint GP was also trained toward Fymi, and inferred from using the
multiple reference outputs. The results in Table 1 show that the dif-
ferential KL divergence improves when training and inferring with
knowledge of the multiple reference outputs. However, as is de-
scribed in section 7.1 and Fig. 1b , the joint GP may not have the
capacity to fit a detailed structure of the reference output uncertainty.

Table 1: Train variational GP posterior toward reference density

Model [ Training [ KL{ [ PCCt MSE]
Pronunciation accuracy transformer with W2V embeddings

Standard GP FumL 2731 | 0.761 0.958
Joint GP FimL 1.788 | 0.756 0.972
Variational joint GP | Fjgpo 1.802 | 0.756 0.981
+FKkL 1.783 | 0.751 1.000
Fluency BLSTM without W2V embeddings
Standard GP FML 10.476 | 0.770 0.754
Joint GP FiML 1.760 | 0.780 0.720
Variational joint GP | Fjgpo 1.769 | 0.778 0.731
+FkL 1.744 | 0.779 0.732

To address this limitation, section 7.3 proposes to use a vari-
ational approximation to the GP and interpolate a KL divergence
criterion during training, to encourage the approximate posterior to
emulate the reference density function. 1000 inducing points were
used. The results suggest that transitioning from a joint GP to a vari-
ational GP with Fjg; 5o may slightly degrade the differential KL di-
vergence, possibly due to the approximation in the model. There are
an equal number of output reference samples for all datapoints, mak-
ing FieLpo and Fjg; go proportional to each other. Using the Fjg o
variational GP as an initialisation, the GP hyper and variational pa-
rameters were then fine-tuned toward an interpolation of Fjg g and
the proposed Fxi.. Fig. 2 show the performance for various interpo-
lation weights, using the pronunciation accuracy transformer setup.
Increasing the weight of Fki. consistently improves the test set dif-
ferential KL divergence, thereby suggesting a better modelling of
uncertainty. However, this simultaneously degrades the PCC and
MSE. Table 1 shows the performance using an interpolation weight
of 100. This yields a differential KL divergence improvement over
Fivw training, with significances of pxr. < 0.0001 for both the pro-
nunciation accuracy transformer and fluency BLSTM setups. All
GPs exhibit comparable performances in the PCC and MSE metrics,
suggesting reasonable predictive performance of scalar scores.

9. CONCLUSION

This paper aims to improve the ability of a GP to express data uncer-
tainty. The variational GP approximation has the capacity to capture
data uncertainty in the training data, but standard training criteria
do not encourage this to be learned. A KL divergence criterion is
proposed to encourage the approximate posterior to better emulate
the reference density function. The experiments show that training
a variational GP with this KL divergence criterion improves the pre-
diction of the uncertainty exhibited between different human raters.
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