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Abstract
Mean Opinion Scores (MOS) are widely used method for sub-
jective evaluation of speech, and automatic quality assessment
can predict MOS from speech by training models with MOS as
labels. However, MOS are not suitable training labels for the
automatic quality assessment models because they are context-
dependent and their data size is limited and fixed, which limits
reliability of the automatic quality assessment. To overcome
the limitation, this study defines a continual subjective evalua-
tion of speech to keep expanding scores and systems in a sub-
jective evaluation corpus by merging. The objective of contin-
ual subjective evaluation is to derive a ranking of systems in
a situation where the number of systems increases over time.
The continual subjective evaluation consists of a loop of two
subproblems: sorting subsets of systems in the quality order
and merging the subsets of sorted systems into a single rank-
ing. We propose a preference test method integrated with sort-
and merge-based online learning algorithms to solve the con-
tinual subjective evaluation efficiently. Our experiments show
that our method can realize the continual subjective evaluation
by deriving a ranking of 60 systems from 216 pairs with 65,460
preference scores.
Index Terms: subjective evaluation, speech evaluation, speech
quality assessment, preference test, online learning

1. Introduction
Subjective evaluations are widely used to assess the quality of
speech based on human ratings. Recently, a large-scale cor-
pus of subjective evaluations of speech has been developed that
contains hundreds of synthetic speech systems and tens of thou-
sands of scores [1, 2, 3, 4, 5]. The main application of these cor-
pora is training of automatic quality assessment models [6, 7, 8].
Because subjective evaluations are costly due to the involve-
ment of human evaluators, the automatic quality assessment is
expected to reduce the cost of speech quality evaluations.

However, the reliability of automatic quality assessment
models trained with the subjective evaluation corpus is limited.
There are two reasons that limit the reliability of the automatic
quality assessment models. The first reason is that the size of
the training data is very limited due to the high cost of subjec-
tive evaluation to construct a corpus. The automatic quality as-
sessment models are deep learning models, so tens of thousands
of scores as training labels are too small to train generalizable
models. The second reason is that the subjective scores used as
training labels are context-dependent scores evaluated in mean
opinion scores (MOS), which are known to suffer from a vari-
ety of biases depending on the context of experiments [9, 10].
One of the most detrimental effects of the biases in MOS is
range equalizing bias [11]. Because MOS uses scales to rate

scores from 1 (Bad) to 5 (Excellent), the range equalizing bias
causes scores to span the entire scale regardless of the actual
quality. It causes the meaning of 4.0 in MOS in a certain ex-
periment to differ from 4.0 in MOS in other experiments. This
results in treatments that different MOS corpora are out of do-
main with each other, as the annual VoiceMOS challenge offers
out-of-domain MOS prediction tasks as a new MOS corpus is
introduced [4, 5]. Moreover, this bias forces the construction of
a MOS corpus in a single shot of the experiment, which limits
the number of systems that can be evaluated and requires an un-
reasonably large budget in one experiment. These two reasons
prevent us from constructing a large-scale subjective evaluation
corpus beyond the scale of the existing corpora by merging cor-
pora consistently, limiting the reliability of the upper bound of
the automatic quality estimation models.

This study defines a new subjective evaluation scheme
called continual subjective evaluation to overcome the limita-
tions of the existing subjective evaluation corpora. The con-
tinual subjective evaluation derives a ranking of systems in a
quality order from many subsets of subjective evaluations. In-
stead of conducting a large-scale subjective evaluation involv-
ing many systems in a single shot, a continual subjective eval-
uation divides the systems into many sets and evaluates them
to derive rankings in sub-experiments. After rankings of the
system subsets are derived from the sub-experiments, a total
ranking is derived by merging the sub-rankings. The continual
subjective evaluation conducts these evaluation processes itera-
tively to keep expanding the subjective evaluation corpus con-
sistently. This concept of the continual subjective evaluation
enables us to add newly proposed speech synthesis methods to
the existing corpus evaluated with the continual subjective eval-
uation.

We propose our first method to realize the continual subjec-
tive evaluation. Our method is based on preference tests that
incorporate sort-based online learning. Because our method
adopts preference tests instead of MOS, our method can di-
vide subjective evaluation into several experiments and merge
them afterwards. Unlike MOS, the preference tests use relative
scores independent of quality scales, so scores are consistent
and less biased even if experiments are divided to evaluate only
a subset of systems. In addition, sort-based online learning can
efficiently derive a ranking of systems by evaluating only part
of the system pairs. These features of our proposed method
realize a first step towards the continual subjective evaluation
for expanding a subjective evaluation corpus continually as new
speech synthesis methods emerge over time.

Our contributions are summarized as follows:
• we define the continual subjective evaluation as a new sub-

jective evaluation task that can expand systems to evaluate
over time;
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Figure 1: Concept of Continual Subjective Evaluation

• we propose a method to realize the continual subjective eval-
uation based on preference tests and merge- and sort-based
online learning;

• we conduct an iteration of the continual subjective evaluation
in three experiments to derive a ranking of 60 systems;

• our experiments show that our method can realize the contin-
ual subjective evaluation by deriving a ranking of 60 systems
efficiently from preference tests evaluating 216 pairs.

2. Proposed Method
Figure 1 shows our concept of the continual subjective eval-
uation. The objective of continual subjective evaluation is to
derive a ranking of systems in a situation where the number of
systems increases over time. Therefore, the continual subjec-
tive evaluation consists of a loop of two subproblems: (1) sort-
ing subsets of systems in the quality order and (2) merging the
subsets of sorted systems into a single ranking. The increase
of systems may occur when, for example, new text-to-speech
(TTS) methods are proposed, and we want to evaluate the rank-
ing of the TTS methods about naturalness, including both the
new and existing TTS methods. Another situation may be the
case where we want to construct a corpus of human ratings for
synthetic speech, and we want to keep updating the corpus to in-
crease the size of the score data and coverage of TTS methods.
Our definition of continual subjective evaluation is expected to
be a solution to these applications.

In these situations to which continual subjective evaluation
is applied, the following challenges arise: (1) evaluations must
be divided into several experiments to add systems at different
time points; (2) the derived ranking from multiple evaluations
should be consistent; and (3) cost efficiency is required for eval-
uations to be continual up to a large-scale system set.

To address the challenges to realize the continual subjective
evaluation, we adopt preference tests as a subjective evaluation
method. The preference test is a subjective evaluation method
that rates a sample pair by selecting the better one. Regarding
the challenges (1) and (2), preference tests can derive a con-
sistent ranking even if evaluation is divided into several exper-
iments. This is because the preference score is a relative score
between two systems, so the score is not affected by a context
in which systems are evaluated in an experiment if other con-
ditions, such as the question to ask, are the same. On the other
hand, MOS test is not suitable evaluation method for the con-
tinual subjective evaluation. MOS is not consistent across dif-
ferent experiments evaluating different system sets: a system
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0.5

1.0 System i
wins

System j
wins

ε: tolerance bias
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Figure 2: Overview of Proposed Method

with high MOS in an experiment may get low MOS in another
experiment targeting only high-quality systems.

To address the challenge (3) of the continual subjective
evaluation, we adopt sort-based online learning as an optimiza-
tion method for preference tests [12]. Normal preference tests
are not scalable to a large number of systems due to the huge
number of pair combinations 1. Because our objective is rank-
ing evaluation, we do not have to evaluate all combinations of
pairs. Instead of evaluating O(|S|2) pairs where |S| is the num-
ber of systems in set S, we only evaluate O(|S| log |S|) pairs
to sort |S| systems. Similarly, we only evaluate O(|S1|+ |S2|)
pairs to merge the sorted |S1| systems and |S2| systems. The
sort-based online learning performs a sort or merge algorithm
to select the minimum pairs to derive a ranking during prefer-
ence tests.

Figure 2 shows an overview of our proposed method to real-
ize continual subjective evaluation by using preference tests that
incorporate sort-based online learning. Our method is based on
an existing listening test server that supports preference tests
optimized with sort-based online learning [13]. With this exist-
ing method, we can obtain two sorted sets of systems efficiently
by conducting two preference tests in experiments 1 and 2. Our
proposed method extends it to perform the merging of the two
sorted sets of systems in experiment 3. In both sorting and
merging experiments, system pairs are selected by the online
learning algorithm. Then, a sample pair is selected from the sys-
tem pair to present to evaluators. Evaluators rate the sample pair
by selecting a better sample and submitting a preference score
to the server. The server updates the mean and confidence in-
tervals of the preference score. The evaluation of a system pair
continues until a winner can be estimated with low error. The
error of the winner estimation is defined as an overlap of confi-
dence intervals. If an overlap of confidence intervals becomes
smaller than a desired threshold, the online learning algorithm
determines a winner of the system pair. Based on the winner
estimation, a system pair is sorted, and the next system pair
is newly selected by the online learning algorithm. The server
iterates these processes until the online learning converges to
output a ranking of all systems.

Algorithm 1 shows the MERGE online learning algorithm
for merging two sorted sets of systems into a single ranking in
the experiment 3. The MERGE algorithm is based on the merge
algorithm [14]. The only difference between the MERGE and
merge algorithms is that the comparisons are based on the eval-

1Usually, normal preference tests evaluate up to 10 systems. This
study evaluates 60 systems, which is beyond the realm of normal pref-
erence tests.
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Algorithm 1 MERGE
Input: Sorted sets S1, S2, bias ϵ, confidence δ.
Initialize: i = 1, j = 1 and O = ∅.

while i ≤ |S1| and j ≤ |S2| do
if S1(i) = COMPARE(S1(i), S2(j), ϵ, δ) then

append S2(j) at the end of O and j = j + 1.
else

append S1(i) at the end of O and i = i+ 1.
if i ≤ |S1| then

append S1(i : |S1|) at the end of O.
if j ≤ |S2| then

append S2(j : |S2|) at the end of O.

Output: Sorted set O

Algorithm 2 COMPARE
Input: element pair i, j, bias ϵ, confidence δ.
Initialize: p̂ij = 1

2
,m = 1

2ϵ2
log 2

δ
, rij = 0, wij = 0.

Define: ĉ(r) =
√

1
2r

log 4r2

δ
if r > 0 else 1

2
.

Define: ϵ̂(r, p̂) = ĉ(r)− |p̂− 1
2
|.

while ϵ ≤ ϵ̂(rij , p̂ij) and rij ≤ m do
Compare i and j. if i wins, vij = 1 else vij = 0.
wij = wij + vij , rij = rij + 1, p̂ij =

wij

rij
.

if p̂ij ≤ 1
2

Output: winner j else Output: winner i

uator’s stochastic preference scores instead of a deterministic
comparison function. To reliably estimate a winner with the
evaluator’s stochastic preference scores, the MERGE algorithm
relies on the COMPARE algorithm.

Algorithm 2 shows the COMPARE algorithm. COMPARE
determines the winner of a pair by checking if the mean of pref-
erence scores is smaller or greater than 0.5. Let i and j be a
comparing pair, rij be the number of comparisons, wij be the
win counts of i over j, and p̂ij be the win rate of i. The winner
can be determined by comparing the win rate p̂ij =

wij

rij
with

0.5: i is the winner if p̂ij > 1
2

. To reliably estimate a winner,
COMPARE guarantees that the overlap of the confidence inter-
vals called error bias ϵ̂ is at most tolerance bias ϵ. Researchers
can configure how accurate and costly the winner estimation is
by setting the tolerance bias ϵ which is an acceptable overlap
of confidence intervals, and confidence δ which is a tail proba-
bility to calculate confidence intervals. To guarantee the config-
ured tolerance bias, COMPARE evaluates at most the maximum
number of comparisons m. If there are distinct preferences, the
winner can be estimated before reaching m comparisons. In
that case, COMPARE performs early stopping by checking if
the error bias ϵ̂ becomes below the tolerance bias ϵ. This fea-
ture of the COMPARE algorithm can reduce the cost of prefer-
ence tests while ensuring that winners are estimated below the
desired error.

We investigate two sort-based online learning algorithms to
obtain the sorted sets of systems in experiments 1 and 2. The
first algorithm is the MERGE-RANK algorithm [15] shown in
Algorithm 3. The MERGE-RANK algorithm is based on the
merge sort algorithm [14]. Thus, the MERGE-RANK algo-
rithm is also a divide-and-conquer approach with O(|S| log |S|)
complexity in the best, average, and worst cases. Thus, the
MERGE-RANK algorithm is expected to sort systems effi-
ciently with a small number of pairs, even if the systems are

Algorithm 3 MERGE-RANK
Input: Set S, bias ϵ, confidence δ.

S1 = MERGE-RANK(S(1 : ⌊|S|/2⌋), ϵ, δ)
S2 = MERGE-RANK(S(⌊|S|/2⌋+ 1 : |S|), ϵ, δ)

Output: MERGE(S1, S2)

Algorithm 4 INSERT-RANK
Input: Set S, bias ϵ, confidence δ.
Initialize: i = 1, j = 2.

for j = 2, . . . , |S| do
i = j − 1
while i > 0 AND COMPARE(S(i), S(j), ϵ, δ) = S(i)

do
Insert in place S(i+ 1)← S(i)
i = i− 1

Insert in place S(i+ 1)← S(j)

Output: Sorted set S

already sorted or in a completely random order. The MERGE-
RANK algorithm relies on the MERGE algorithm, so it also
uses the COMPARE algorithm to reliably estimate a winner
from the evaluator’s preference scores. Because the MERGE-
RANK algorithm uses the MERGE algorithm internally, it can
handle both experiments 2 and 3 seamlessly by configuring the
the first set S1 in Algorithm 3 as a sorted set in experiment 1.

The second algorithm is the INSERT-RANK algorithm
shown in Algorithm 4. The INSERT-RANK algorithm is based
on the insert sort algorithm. The only difference between the
INSERT-RANK and insert sort algorithms is that it uses the
COMPARE algorithm to estimate winners reliably from the
evaluator’s stochastic preference scores. Because of inheriting
properties from the insert sort, the INSERT-RANK algorithm is
an incremental approach with O(|S|) complexity in the best and
O(|S|2) complexity in average and the worst cases. Therefore,
the INSERT-RANK algorithm is expected to be efficient to sort
systems by evaluating only a small number of pairs if the sys-
tems are already sorted, but inefficient if the systems are ordered
reversely in the initial set. In addition, the INSERT-RANK
algorithm is expected to be more efficient than the MERGE-
RANK algorithm for small sets of systems because the insert
sort is efficient for small sets than the merge sort. These proper-
ties of the INSERT-RANK algorithm are promising for subjec-
tive evaluations of speech for two reasons. First, typical subjec-
tive evaluations of speech target the number of systems between
a few and hundreds, which is where the INSERT-RANK algo-
rithm works efficiently. Second, the initial order of systems can
be roughly sorted before the experiment, for example, based on
automatic quality assessment such as the MOS predictor [6].
If the initial order is roughly sorted, the INSERT-RANK algo-
rithm might sort in the best case with O(|S|) complexity.

3. Related Works
Our method is not the only method that can solve the continual
subjective evaluation. Another candidate method to solve the
continual subjective evaluation is the Elo rating system [16].
The Elo system derives a ranking of players from pairwise
matches by estimating player’s skill as rating. In this study’s
setting, players in the Elo system corresponds to TTS systems,
matches correspond to pairwise comparisons, player’s skill cor-
responds to quality of TTS system. A preferable property of the

16



Experiment No. 1 2 3
Sort Algorithm Insert Rank Merge Rank -
Merge Algorithm - Merge Merge
#Sort Systems 30 30 -
#Merge Systems - 10 50
#Scores in Budget 24,960 24,960 15,540
#Convergence Cost 14,977 19,658 9,761
#Evaluated Pairs 70 98 48
#Significant Pairs 28 49 21
#Max Cost per Pair 528 413 465
#Min Cost per Pair 219 60 127

Table 1: Settings and results of three experiments.

Elo rating is the preservation of total rating: the sum of ratings
from all players is always constant in the past and future. These
features of the Elo system realizes requirements of the contin-
ual subjective evaluation: divisibility of experiments, ranking
consistency, and cost efficiency.

The Elo system and its extension, such as TrueSkill [17],
have been applied to preference-based subjective evaluation
with crowd-sourcing. The Elo system is an online algorithm
that updates ratings based on each preference observation,
which is desirable for the optimal pair selection, similar to
our online learning-based approach. Speaker ranking evalua-
tion [18] and machine translation evaluation [19] are successful
application of rating-based approach to large-scale preference-
based evaluations.

The advantages of our online learning-based approach ver-
sus Elo rating-based approaches are guaranteed evaluation er-
ror, optimal budget allocation by maximum error reduction pair
selection, reduced cost by explicit stopping condition, and con-
sistent pair selection by sort algorithm. At convergence, the Elo
system does not guarantee the upper bound of evaluation er-
rors of each pair, which is not desirable for evaluation purposes.
The Elo system does not consider the uncertainty of the ratings.
Therefore, additional pair selection criteria such as the number
of evaluations must be considered in addition to the similarity
of the ratings, as stated in [18]. There are no stopping criterion
in the Elo system, so it can not be used for cost reduction. In the
early phase, the Elo ratings are unstable [17], so random evalu-
ation targets are paired that are only evaluated few times. This
is in contrast to our sort-based online learning, which selects
consistent pairs and evaluates them until achieving the desired
error bias.

4. Experimental Evaluation
4.1. Experimental Settings

To investigate the feasibility of the continual subjective evalua-
tion with our method, we applied our method to derive a rank-
ing of 60 systems. Table 1 summarizes the settings of our ex-
periments. We divided the 60 systems into two sets containing
30 systems. For the two sets, we designed three experiments.
The first experiment was to sort the first set using the INSERT-
RANK algorithm. The second experiment was to sort the sec-
ond set using the MERGE-RANK algorithm. The third exper-
iment was to merge the two sorted sets into a single ranking
using the MERGE algorithm. To conduct the experiment effi-
ciently, we configured the second experiment so that merging
two sorted sets could start by utilizing the remaining budget af-
ter finishing sorting by the MERGE-RANK. As a result, the first
experiment sorted 30 systems, the second experiment sorted 30
systems, followed by merging 10 systems with the first sorted

set, and the third experiment merged 50 systems. Note that how
many systems could be merged by the second experiment was
not known in advance because the remaining budget after sort-
ing was unknown. Therefore, we fed all 30 systems, sorted by
the first experiment, to the MERGE algorithm in the second ex-
periment.

We used VoiceMOS challenge 2022 (VMC2022) as a
speech corpus to apply our method [1]. VMC2022 contained
175 systems, including natural and synthetic samples. We se-
lected the top 60 systems regarding MOS from the 175 systems
to focus on ranking high-quality regions. The top 60 systems
had MOS ranging from 3.29 to 4.48 and consisted of 9 nat-
ural samples and 51 synthetic speech methods from Blizzard
Challenge [20, 21, 22, 23, 24, 25], Voice Conversion Challenge
[26, 27, 27, 28], and ESPNet [29]. The total pair combination
of the 60 systems was 1,770 pairs, so it was hard to evaluate
them all by brute force, which motivated us to utilize our op-
timization algorithm approach. We divided the top 60 systems
into two sets based on whether their rank was odd or even. We
considered the situations where we wanted to evaluate 60 sys-
tems, but we could not afford to evaluate them in a single shot,
or where we evaluated 30 systems in the past, and another 30
systems emerged later. Our experiments investigated how we
could rank all 60 systems in these situations.

To conduct the three experiments, we recruited evaluators
by crowdsourcing. The evaluators were presented with two
speech samples and asked to select a sample that sounded more
natural than the other. We modified the question sentence used
in the VMC2022 to ask for a comparison. We recruited 255,
292, and 236 Japanese evaluators and obtained 24,960, 24,960,
and 15,540 preference scores for the three experiments, respec-
tively. Each pair was rated by as many evaluators as possible by
balancing assignments so that the evaluator bias could be offset
by averaging.

We set the initial order of system sets in the MOS order
for the INSERT-RANK and MERGE-RANK algorithms. It
meant that the number of pairs to sort would be the minimum
if the final ordering by the preference tests was same as that of
MOS. We configured the confidence δ and tolerance bias ϵ of
INSERT-RANK, MERGE-RANK, and the MERGE algorithm
with δ = 0.05 and ϵ = 0.0877. This configuration meant that
each pair was evaluated with 240 scores at maximum to deter-
mine its winner. Some pairs did not need 240 scores to deter-
mine a winner, so some budgets remained. In that case, the
remaining budget was consumed to reduce error bias below the
tolerance bias ϵ. Thus, we measured the actual convergence
cost, which was the number of scores evaluated at the conver-
gence of the algorithms.

Speech samples presented to evaluators were selected from
the systems so that parallel utterances could be paired. If paral-
lel utterances were not available for the system pair, random ut-
terances were selected. The unparallel utterance pairs happened
in the case where systems from different subsets were paired,
for example, the Blizzard Challenge 2008 and Voice Conver-
sion Challenge 2020.

As a post-hoc analysis, we calculated the number of signif-
icantly different pairs using the Binomial test.

4.2. Experimental Results

The ranking of 60 systems was obtained successfully by the
three experiments, which proved the feasibility of the contin-
ual subjective evaluation with our method. Figure 3 shows the
ranking obtained from our preference tests with a ranking cor-
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Figure 3: Ranking comparison between preference and MOS tests.
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Figure 4: Distribution of pairs classified by experiments.

relation from the MOS test recorded in VMC 2022. The rank-
ing correlation coefficients were 0.798 in Kendall’s tau, and
0.943 in Spearman correlation coefficient, which indicated rel-
atively high agreement between the ranking from our evalua-
tions and the MOS evaluation. The top ranked systems were
natural samples and the bottom ranked systems were speech
synthesis methods with low MOS, as expected. During sort-
ing systems from the initial ranking based on MOS, many re-
ordering occurred in the ranking ranges between 10 and 30 and
between 40 and 60. Some reorderings were expected because
many MOS in the VMC 2022 were known to lack statistically
significant differences, especially in the middle MOS region be-
tween 2.5 and 3.8 [30]. Many systems were concentrated in this
region, so the MOS might suffer from contraction bias, which
was the compression of scores within a fixed quality scale re-
gardless of actual perceptual quality differences. On the other
hand, our method did not suffer from contraction bias because
we adopted preference tests. Thus, our method could be used
for fine-grained analysis for the quality region where many sys-
tems were concentrated. We considered this was promising as
an evaluation method to record training labels for more reliable
automatic quality assessment models.

Table 1 shows the statistics of the experimental results of
the three experiments. The first experiment compared 70 pairs
to sort 30 systems, the second experiment compared 98 pairs to

sort 30 systems and merge 10 systems, and the third experiment
compared 48 pairs to merge the two sorted system sets. In the
second experiment, 89 pairs were compared by the MERGE-
RANK algorithm, and 9 pairs were compared by the MERGE
algorithm.

Regarding the sorting efficiency, the INSERT-RANK algo-
rithm was more efficient than the MERGE-RANK algorithm:
only 70 pairs were evaluated by the INSERT-RANK, whereas
89 pairs were evaluated by the MERGE-RANK to sort 30 sys-
tems. However, we observed slow execution performance of the
INSERT-RANK in practice when many evaluators participated
simultaneously because the algorithm was not parallelizable:
only one pair can be evaluated simultaneously in the INSERT-
RANK, whereas up to 15 pairs can be evaluated simultaneously
in the MERE-RANK.

Regarding the statistical significance of preference scores
from each experiment, the first experiment got 28 significant
pairs (40%) from the 70 pairs, the second experiment got 49
significant pairs (50%) from 98 pairs, and the third experiment
got 21 significant pairs (44%) from 48 pairs. The fewer sig-
nificant pairs of the INSERT-RANK and MERGE algorithms
indicated that they focused on pairs with similar quality. On
the other hand, it indicated that the MERGE-RANK algorithm
evaluated not only pairs with similar quality but also pairs with
distinct quality differences.

Figure 4 shows the distribution of evaluated pairs classified
by the three experiments. The vertical and horizontal axes were
systems sorted in the final order. The first experiment using the
INSERT-RANK algorithm and the third experiment using the
MERGE algorithm mainly evaluated systems in the diagonal
region. It also supported that they focused on pairs with similar
quality, resulting in a small number of pairs to sort. The second
experiment using the MERGE-RANK and MERGE algorithm
showed a relatively broader distribution, indicating it also eval-
uated pairs with distinct quality differences, resulting in a larger
number of pairs to sort. It also showed that merging the top 10
systems was handled by the second experiment by using the
MERGE sub-algorithm seamlessly in MERGE-RANK, so the
third experiment using the MERGE algorithm merged systems
from 11 to 60 ranks.

Figure 5 shows the centered preference score p̂ij − 1
2

, eval-
uation cost rij , and error bias ϵ̂ of the evaluated pairs (i, j). The
centered preference score is the shifted average preference score
from [0, 1] to [−0.5, 0.5] to show that zero indicates equal nat-
uralness. The preference score in Figure 5a showed that pairs
in the diagonal region had similar naturalness, whereas pairs
in the off-diagonal region had distinct preferences. It indicated
that comparing pairs with distant ranks could be skipped or re-
duced because their winners were obvious, supporting our sort-
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Figure 5: Metrics of Evaluated Pairs

ing approach was reasonable. The evaluation cost in Figure 5b
showed that pairs in a diagonal region were evaluated with many
scores, whereas pairs in an off-diagonal region were evaluated
with a few scores. It was because pairs with similar scores re-
quired many scores to determine a winner, whereas pairs with
different scores needed only a small number of scores to deter-
mine a winner. The systems between the ranks around 10 and
30, which corresponded to MOS between 3.74 and 4.10, espe-
cially required a lot of scores: some pairs in this region were
compared more than 500 times. It suggested that systems in the
upper intermediate ranking were especially difficult to evaluate.
The error bias in Figure 5c showed that all pairs achieved error
bias below the target tolerance bias ϵ = 0.0877. Very low or
zero error bias remained in pairs with distinct preferences, and
relatively high error bias remained in pairs with similar scores.
In conclusion, our method could efficiently evaluate a ranking
by pairwise comparison without compromising evaluation er-
rors.

5. Conclusion
This study defined a continual subjective evaluation of speech
to keep expanding systems and scores in a subjective evalua-
tion corpus, and we proposed our method to realize the contin-
ual subjective evaluation. The objective of continual subjective
evaluation in our definition was to derive a ranking of systems
in a situation where the number of systems increased over time.
The continual subjective evaluation consisted of a loop of two
subproblems: (1) sorting subsets of systems in the quality order
and (2) merging the subsets of sorted systems into a single rank-
ing. We proposed a preference test method integrated with sort-
and merge-based online learning algorithms to solve the con-
tinual subjective evaluation efficiently. Our three experiments
showed that our method proved the feasibility of the contin-
ual subjective evaluation by deriving a ranking of 60 systems
from 216 pairs with 65,460 preference scores. Our future work
includes the application of our preference scores to automatic
quality assessment [31].
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