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Abstract

Text-independent speaker identification attracted growing atten-
tion while it remains challenging to extract speaker-specific fea-
tures from a speech with arbitrary content. End-to-end systems
trained with utterance-level features suffer from performance
degradation caused by speech content variation. To address
this issue, this paper proposes a novel phoneme-based approach
with the following key features: first, it restricts the variety of
speech content by splitting each utterance into a set of phoneme
segments and develops the phoneme-constrained models to ex-
tract segment-level embeddings of speakers; second, it lever-
ages a soft-voting mechanism with mono-phonemic thresholds
and weights to combine the results of different phonemes. Ex-
perimental results on AISHELL and ASRU2019 datasets show
that the proposed approach is effective and robust, which out-
performs the state-of-the-art methods in both EER and accu-
racy, especially with a larger phonemic mismatch between the
enrollment and test utterances. In addition, the proposed system
is efficient that can be trained well on a small-scale dataset.
Index Terms: phoneme-based models, text-independent
speaker identification, segment-level feature extraction

1. Introduction

Speaker identification, as one of the most crucial methods to
distinguish people, has attracted a wide range of attention.
Compared with the text-dependent speaker identification sys-
tems [1, 2] which require a fixed or constrained text phrase,
the text-independent approaches [3] can work on arbitrary
speech content. In the last decade, with the success of Gaus-
sian mixture models (GMMs) [3, 4] and deep neural networks
(DNNs) [5, 6, 7, 8, 9] on extracting speaker representations,
researchers have made significant progress in text-independent
tasks. Nevertheless, how to capture speaker identity-related in-
formation from a speech signal with arbitrary text remains chal-
lenging. On the one hand, some studies have proved that the
distribution of speaker information is not uniform on speech
signals [10, 11, 12]. On the other hand, a sentence can con-
tain any combination of words and phrases that create a huge
text space. In order to reduce the impact of various contents
in the speech signals, most of the end-to-end methods improve
the performance by expanding the amount of training data to
let the models learn as much text as possible. Although DNNs
are powerful, speech content variation increases the complex-
ity of network training, and it is still difficult to extract speaker
identity information from a speech signal with text that has not
been “seen” in the training set. Furthermore, the phonetic mis-
match between enrollment and test utterances also leads to per-
formance degradation [13].

Previous works have tried to solve this issue in several
ways. One is to introduce the multitask framework to encourage
or suppress phonetic information [14, 15, 16, 17]. Specifically,
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a multitask model that combines the speaker vectors from an
x-vector network and the phonetic vectors from an automatic
speech recognition (ASR) network was proposed by [14] in or-
der to use the phonetic information to adapt the speaker embed-
dings. Similarly, a coupled network was designed to fuse the
phonetic information from ASR and the acoustic features [18].
Authors in [15, 16] took advantage of adversarial approaches
to suppress the impact of nuisance phonemic variation. The
method in [17] exploited the phoneme-aware attentive pooling
and used the phoneme posterior from the subnet to capture the
phonetic information for text-dependent task. Another way to
handle this issue is to revise the extraction procedure. For exam-
ple, a mixture of Gaussians substitutes a single Gaussian in the
total variability model based on the assumption that different
phonemes have different priors [19]. The posteriors obtained
by an ASR-DNN are used as the replacement of the Universal
Background Model for i-vector extraction [20]. And a fusion
of the PLDA score with the phonetic information distance be-
tween enrollment and test utterances is proposed and attached
to the i-vector system in order to compensate the phonetic mis-
match [13]. Besides, an adaptive network with input-dependent
kernels divided the utterances along the time axis to reflect
the phonemes-varying characteristic [21]. Although these ap-
proaches can mitigate the impact of content variation to some
extent, the features of speech content and speaker identification
are still coupled.

Inspired by ASR that usually leverage a lexicon to map the
phonemic sequences into words, we divide the words, phrases
and sentences into phoneme segments and classify them into
the corresponding phonemic categories. Therefore, we can ex-
plicitly remove the impact of text variation by converting the
text-independent task into a set of text-dependent sub-tasks.
The researchers in [22, 23, 24, 25, 26, 27] used GMMSs to in-
vestigate the effectiveness of phoneme-constrained or syllable-
constrained models. However, these text-constrained models
were built with frame-level features that result in marginal im-
provement in accuracy. Differently, our proposed system lever-
ages segment-level features by aggregating frames across the
phoneme duration and takes advantage of the temporal relation.
Intuitively, the pronunciation of a specific phoneme is more like
a stochastic process in cross-time rather than a random variable.
The information carried by an individual frame is insufficient
for neither speaker identification nor phoneme recognition. On
the contrary, the segment-level features learned from complete
phoneme duration can provide richer information that is more
discriminative.

The major contributions of this paper are as follows: First,
we propose a phoneme-based speaker identification system that
can explicitly eliminate the impact of speech content variation
by dividing utterances into a set of phoneme segments. Sec-
ond, we develop an effective method to integrate phoneme-
constrained models into a speaker identification system with

10.21437/Interspeech.2022-617



Test embeddings

1

Enrollment embeddings
h 1
h 2 2

spee;i;er A speaii;er B

1 2 3

11l

phoneme 2

o (=

phoneme 1 phoneme 3

Extractor Extractor Extractor

T

Tphoneme aligner

ANNRRRRANRRNARRAAAREE

T acoustic features l soft-voting l
extractor i
[ multi-phoneme scoring ]

phoneme 1

phoneme 2 -

¥
Test utterance Result

Figure 1: The overall architecture of our proposed system.

a superior performance by employing soft-voting mechanisms
and a set of mono-phonemic thresholds; Finally, experiments
on AISHELL and ASRU2019 datasets demonstrate that the pro-
posed approach is efficient to be trained on a small-scale dataset
and is robust with a larger phonemic mismatch between enroll-
ment and test utterances.

2. Proposed Phoneme-based Framework
2.1. Phoneme alignment and segmentation

To detect the phoneme categories and boundaries, a two-stage
method is employed as follows. First, we obtain the transcrip-
tion of utterances and convert graphemes to phonemes by using
a predefined grapheme-to-phoneme dictionary. Second, we use
a forced alignment module to find the proper boundary of each
detected phoneme. Then the acoustic features of utterances are
split into phonemic segments based on the boundaries provided
by the aligner.

2.2. Phonemic speaker embeddings extraction

A convolutional neural network (CNN) is employed to extract
segment-level speaker embeddings for each phoneme class,
which comprises three 1-dimensional CNN layers (kernel sizes
3 with 32, 64, 128 channels) and each of them is followed by
a ReLU nonlinearity and a batch normalization layer. Then, an
average pooling layer is used to aggregate frame-level features
into a segment-wise embedding, which is connected to a fully
connected layer. We feed the phonemic segments belonging
to the same phoneme class into the corresponding phoneme-
constrained model, and use the speaker labels as the ground-
truth in training. Once the models are well-trained, the fully
connected layer is removed and the outputs of the last layer are
the phonemic speaker embeddings.

2.3. Mono-phonemic distance thresholds

A test utterance is split into N phonemic segments and rep-
resented as a set of phonemic embeddings {e1,--- ,en} with
phoneme class {p1,--- ,pn}. The n'" phonemic segment em-
bedding from the test utterance assigned to phoneme class py,
is denoted as en(pr). First of all, we define the distance be-
tween any two embeddings as D(e;,e;) = (1 — cosf)/2,
where 0 is the angle between embedding e; and e;. Note that we
only compare the phonemic embeddings in the same phoneme
classes. That is, for the test embedding e, (p» ), only the enroll-
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ment embeddings in phoneme class p,, are considered. We use
€(P,Y, I) to denote an enrollment embedding that is assigned
to the phoneme class P with index I and labeled as speaker
Y. For simplicity, we denote the distance between the test em-
bedding e, (pr) and the enrollment embedding €(pn, Y, I) as
dn(pn,Y, I). We design a distance threshold for each phoneme
class to reject embeddings that is too far from the test sam-
ple in the feature space and collect the near embeddings to
build the valid embeddings set 2. For example, if the distance
dn(pn, Y, I) is smaller than the corresponding threshold ¢(ps,),
the enrollment embedding €(py, Y, I') should be collected in the
valid set 2,, (pn) and excluded otherwise. It can be described
by:

Qn(p'n) = {€(p7L7K])|dn(pn>Y: I) < t(p”)} (])

The threshold of a certain phoneme class is fixed after training,
while the valid set is computed dynamically for each test em-
bedding. In order to reduce the calculating cost, we can limit
the maximum number of embeddings in a valid set to be £ that
is similar to the k-nearest neighbors algorithm [28].

2.4. Soft-voting mechanism

Once the valid set for a test embedding is acquired, we employ
the soft-voting mechanism to make predictions. The vote from a
test segment e, (pr ) to each enrollment in the valid set 2., (pr)
is computed by softmax as:

d’!l an’I
(_ (p ))

= dn ( V.’ (2)
6:13]7(— n p‘i‘;a > )

exp

Un (p”ﬂa K I) =
Ze(pn,f’,f)eﬂn(pn)

where vy, (pn, Y, I) represents the vote obtained by the enroll-
ment embedding €(pn, Y, I), and 7 is a non-negative tempera-
ture. Each test embedding e,, has one vote that can be appor-
tioned to every enrollment in the corresponding valid set €2,

as:
€(pn,Y,1)€Qn (pn)

If an enrolled speaker has over one embedding in the valid set,

each of them can acquire votes independently. For a given

speaker y, the total votes obtained from a test embedding e,

is:

= va(pn, Y, D) =1 ()

Un(Pn)

va(pn, Y =4) =Y on(pn, Y =y, ). “
1

In our design, if a phoneme category is repeated in a test utter-

ance, each occurrence of this phoneme is regarded as an indi-

vidual phoneme so that it can vote independently.

2.5. Multi-phoneme scoring

After obtaining votes from individual phonemic segments in the
test utterances, the next step is to combine the votes and calcu-
late a score for each enrolled speaker. Intuitively, as the discrim-
inative capabilities of different phoneme classes are unequal,
different priors should be assigned to every phoneme class as
a weight coefficient in the combination. For a test utterance
consisting of N phonemes, the score obtained by an enrolled
speaker Y is the weighted sum of votes from N phonemes and
the result can be normalized as:

N
> =1 Un(Pn, Y)w(pn)
Zivzl w(pn)
where w(py, ) is the weight coefficient assigned to the phoneme

class p,. Thus, it is feasible to calculate an optimal threshold to
reject non-target speakers in utterance level.

s(Y) =

; (%)



Table 1: Performance comparison on the AISHELL-1 dataset in
different tasks.

Table 3: The performance of the proposed phoneme-based ap-

proach and the baseline systems trained on a small dataset.

Model EER% Accuracy% Model EER% Accuracy%
Random Mismatch Random Mismatch Random Mismatch Random Mismatch
Thin ResNet-34 [7] 1.85 1.85 97.44 97.33 Thin ResNet-34 [7] 2.79 2.87 77.11 76.72
TDNN(x-vector) [5] 1.16 1.23 97.96 97.90 TDNN(x-vector) [5] 3.76 4.08 74.59 72.71
SEG+MT(segment-phoneme) [15] 1.39 1.31 97.04 97.12 SEG+MT(segment-phoneme) [15] 3.05 3.39 76.12 75.14
SEG+ADV (segment-phoneme) [15] 1.39 1.23 97.25 97.46 SEG+ADV (segment-phoneme) [15] 3.39 3.65 77.15 76.10
SEG-MT(frame-phoneme) [16] 1.00 1.00 97.64 97.91 SEG-MT(frame-phoneme) [16] 3.22 3.65 77.01 75.24
SEG-AT(frame-phoneme) [16] 1.58 1.43 95.42 95.85 SEG-AT(frame-phoneme) [16] 4.94 5.44 68.68 67.40
Ours 0.85 0.77 98.04 98.25 Ours 2.24 2.06 80.94 82.79

Table 2: Performance comparison on the ASRU2019 dataset in
different tasks.

Model EER% Accuracy%
Random Mismatch Random Mismatch
Thin ResNet-34 [7] 1.79 1.81 82.42 82.09
TDNN(x-vector) [5] 2.10 2.12 78.92 78.51
SEG+MT/(segment-phoneme) [15] 1.82 1.96 80.66 80.01
SEG+ADV (segment-phoneme) [15] 1.79 1.97 79.58 79.22
SEG-MT(frame-phoneme) [16] 1.73 1.93 8291 82.10
SEG-AT(frame-phoneme) [16] 2.17 2.29 80.58 79.68
Ours 1.56 1.51 84.59 85.25

3. Experiments and Results
3.1. Dataset

In this work, the experimental results are conducted using
the Mandarin Speech Data from the ASRU 2019 Challenge
dataset [29] and the AISHELL-1 dataset [30] with 16kHz sam-
pled recordings.

Tasks on the ASRU2019 dataset are challenging because
the short speech duration, approximately 2 seconds on aver-
age including silence, will decrease the accuracy of phoneme
segmentation and increase the difficulty on phonemic feature
extraction. The dataset consists of two subsets (“category 17
and “category 2”) and provides annotations of transcriptions.
We use the “category 17 set as the training set, which contains
456,600 speech data from 1581 speakers. At the test stage, a
subset of “category 2” that contains 100 speakers is used to
evaluate the performance of speaker identification. The speak-
ers in the test set are further split into the “target” and ‘“non-
target” groups with a 1:1 ratio, i.e., 50 enrolled speakers and 50
strangers.

AISHELL-1 is a widely-used multi-channel Mandarin
speech dataset, including 141,600 utterances from 400 speak-
ers. Following the official split, we use the speech utterances
from 380 speakers in the training and development sets for
model training and evaluate on the test set with 10 enrolled
speakers (target) and 10 strangers (non-target).

On both datasets, we evaluate on two tasks: (1) in “Ran-
dom” task, we enroll 100 utterances per target speaker which
are selected randomly and the unseen utterances from both tar-
get and non-target speakers are used for evaluation; (2) in “Mis-
match” task, we select 100 utterances with the largest number
of phonemes for each target speaker to enroll and test on the
unseen utterances from both target and non-target speakers.

3.2. Experimental settings

We first utilize a dictionary to map the transcriptions provided
by the datasets into pronunciation graphemes, followed by the

4777

Montreal Forced Aligner(MFA) [31] to obtain phoneme bound-
aries in utterances. Then we use a 25ms hamming window
with step 10ms to generate frames from speech signals. Fol-
lowing [7], we convert the utterances into 257-dimensional
spectrograms by employing a 512 point fast Fourier transform
and a short-time Fourier transform. Each spectrogram is seg-
mented into a set of phonemic fragments based on the phoneme
boundaries provided by the aligner. Totally 63 phonemes are
used, excluding silence. The models are implemented using
Pytorch [32], and optimized by Adam optimizer [33] with an
learning rate 0.001 and batch-size 256. The output embedding
is 128-dimensional, and cross-entropy loss is employed. In our
implementation, the hyper-parameter 7 is 1 and k is 10.

The baseline systems are the state-of-the-art methods, i.e.,
x-vector [5], Thin ResNet with GhostVLAD (Thin ResNet-
34) [7] and four phoneme-invariant systems built on multitask
framework composed of phoneme and speaker classification
loss. The SEG-MT and SEG-AT leverage frame-level phone-
mic information [16], while the SEG+MT and SEG+ADV use
segment-level phonetic content [15]. The baselines are also
trained with 257-dimensional spectrograms. In the proposed
method, each enrolled speaker is represented as a set of phone-
mic embeddings. For baseline systems, each enrolled speaker is
represented as a speaker embedding. For AISHELL dataset, we
generate 10 trials corresponding to the 10 enrolled speakers for
each test utterance. Therefore, totally 61,760 trials (25,950 tar-
get and 35,810 non-target trials) are used to calculate the equal
error rate (EER) and utterance-level threshold. Similarly, 50 tri-
als for each test utterance in ASRU dataset are generated, and
totally 2,016,450 trials (18,369 target and 1,998,081 non-target
trials) are used. Then we predict the speaker identity of each test
utterance and reject non-target speakers by using the utterance-
level threshold, and calculate the identification accuracy.

3.3. Evaluation Performance

To validate the effectiveness of the proposed approach, we first
train the models on AISHELL training and development sets
and Table 1 reports the EER and accuracy on test set. In gen-
eral, the proposed approach outperforms all the baselines in
both tasks, improving significantly compared with the methods
without considering phoneme information, i.e., Thin ResNet-
34 and TDNN, in terms of EER (0.85% vs 1.85%, 1.16%). As
expected, in the “Mismatch” task, the EER of the TDNN sys-
tem increases from 1.16% to 1.23% because of larger phonemic
mismatch between enrollment and test, while the results of the
phoneme-invariant systems become better. The EER of the pro-
posed approach decreases from 0.85% to 0.77% and the perfor-
mance gain benefits from the increasing number of phonemic
embeddings in enrollment.

Then we use all utterances in the ASRU training set to build
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Figure 2: Visualization of phonemic embeddings in test set.
Speakers are represented in different colors.
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Figure 3: Comparison of occurrence frequency and identifica-
tion accuracy of individual phoneme on the test set.

the systems and the results are summarized in Table 2. In both
tasks, the proposed approach outperforms the baseline methods
in both EER and accuracy. Specifically, the proposed approach
achieves a better EER (1.56% vs 1.73%) and accuracy (84.59%
vs 82.91%) than SEG-MT in the “Random” task, while the mar-
gins become larger (EER of 1.51% vs 1.93% and accuracy of
85.25% vs 82.10%) in the “Mismatch” task. Besides, all of
the baselines perform worse in the “Mismatch” task, although
the number of enrolled utterances is consistent with the “Ran-
dom” task. It proves that the phonemic mismatch between en-
rollment and test utterances can deteriorate the performance of
these systems. Unexpectedly, the performance degradation of
the multitask systems which consider phonetic information in
the training stage is more significant. On the contrary, our sys-
tem performs even better in the “Mismatch” task, which means
the proposed approach achieves robustness in the case of larger
content differences between enrollment and test utterances.

Moreover, to evaluate the training efficiency of the systems,
we use a small subset of the training data which contains 85,235
utterances from 200 speakers to feed the systems. Table 3 shows
that the proposed approach trained on a small-scale dataset out-
performs the state-of-the-art methods by a significant margin,
especially in the “Mismatch” task. It indicates that our approach
is more efficient in learning discriminative features.
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Figure 4: Ablation analysis for the proposed system.

3.4. Additional Experiments

To better understand the capability of the proposed approach,
we conduct additional experiments on the ASRU2019 dataset.
To illustrate the discrimination of phonemic embeddings, we
visualize the phonemic embeddings by using t-distributed
Stochastic Neighbor Embedding(t-SNE) [35]. In test set, 10
speakers are selected and 300 utterances are sampled randomly
for each speaker. Figure 2 (a) and (b) show the distribution
of embeddings extracted from two typical vowels/diphthongs,
while (c) and (d) describe that of a nasal and a fricative, re-
spectively. We also analyze the frequency of occurrence and
the accuracy of speaker identification for each phoneme cate-
gory in Figure 3. Unsurprisingly, most of the voiced phonemes
perform better than the unvoiced, and it does not show a direct
correlation between the frequency and accuracy. In a further in-
vestigation, we study the effects of each component in the pro-
posed system and explore the relations between the number of
enrolled phonemic segments and the system performance. As
the quantities of enrolled samples in different phoneme cate-
gories are unbalanced, we use a maximum number N to limit
the amount of enrolled samples per speaker in every phoneme
class. The test data is consistent with the “Mismatch” task, and
we randomly select /N (or less than NV if insufficient) samples
per target speaker for enrollment in each phoneme class. Fig-
ure 4 shows that the proposed system benefits a lot from the
mono-phonemic thresholds and there is a strong correlation be-
tween identification performance and the number of enrolled
samples. With thresholds, more enrolled samples can contribute
to better performance in general. Nevertheless, the trend be-
comes flat when N is larger than 10. After removing mono-
phonemic thresholds, as the number of enrolled samples in-
creases, the performance turns worse. The major reason might
be that some enrolled speakers can obtain votes though their
samples are far from the test embeddings in the feature space.

4. Conclusions

In this paper, we have proposed a phoneme-based approach to
reduce the impact of speech content variation on speaker iden-
tification tasks by explicitly converting the text-independent ut-
terance into a set of text-constrained segments, i.e., phonemes,
and extracting segment-level speaker embeddings across the
phoneme duration. Experimental results on AISHELL and
ASRU2019 datasets show that the proposed approach achieves
state-of-the-art performance of speaker identification, and it has
better robustness and efficiency than previous methods. In fu-
ture work, we plan to investigate multilingual phonemes and
explore a more effective method of phoneme detection.
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