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Abstract

Previous research has demonstrated that phonetic information
can be incorporated into speaker embedding models to improve
the performance of the speaker recognition system. However,
the current speaker recognition process base on phonetic infor-
mation is not in the line with the forensic voice identification
process, where the identity of a speaker is determined by com-
paring confident phones one by one. This mainly manifests in
two aspects. Firstly, real-world speech signals containing unre-
liable noisy data are directly used as model inputs. Secondly,
the traditional utterance-level speaker embedding consisting of
a single vector is a coarse-grained representation of speaker
identity. To address these issues, this paper proposes a phone-
level speaker embedding extraction framework with Multi-gate
Mixture-of-Experts (MMoE) based multi-task learning. In the
proposed framework, confident mono-phone segments are ob-
tained by a well-trained ASR model and used as the inputs
of the speaker embedding extractor with residual structure and
self-attention mechanism. MMOoE in the framework is sup-
posed to increase the modeling sensitivity of different accents.
To improve the fineness of the speaker representation, a vec-
tor set generated from different mono-phone segments is used
as the phone-level speaker embedding. On a large-scale Man-
darin speaker identification dataset, the proposed system using
phone-level speaker embeddings and the MMOoE technique sig-
nificantly outperformed the utterance-level baseline system by
the Top-1 average error rate reduction of 47.0% relatively.
Index Terms: speaker identification, phone-level speaker em-
bedding, phonetic information, multi-task learning

1. Introduction

Speaker recognition can be classified into speaker identifica-
tion and speaker verification. This paper will focus on speaker
recognition techniques applied in speaker identification tasks
that aim to determine an unknown speaker from a group of en-
rolled speakers. Recently, motivated by the powerful feature
extraction capability of deep neural networks, lots of speaker
recognition methods have been proposed to extract the speaker
embeddings as the representation of speakers [1, 2, 3]. Such
speaker embeddings can be applied in speaker identification
or speaker verification tasks by using different scoring func-
tions [4, 5, 6]. However, due to the diverse accents and pronun-
ciations, large uncertainty exists in the acquired speaker embed-
dings and the system performance is degraded.

To reduce the uncertainty in speaker embeddings, various
phonetic information based speaker recognition methods have
been proposed. The most commonly used method is to extract
the phonetic features derived from the bottleneck layer of an
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automatic speech recognition (ASR) model for the speaker em-
bedding model training [7, 8]. Furthermore, to reduce noise
effects in frame-level multi-task learning, a hybrid multi-task
learning at frame and segment levels is employed in the speaker
embedding model using phonetic information [9]. Inspired by
traditional GMM-UBM methods that model each phoneme with
an individual GMM, a phoneme-unit-specific time-delay neu-
ral network (TDNN) is proposed in [10]. In the phoneme-
unit-specific TDNN, different TDNNs are trained for different
phonemes and the final utterance-level speaker embeddings are
obtained by the weighted sum of the phoneme posterior prob-
abilities. Previous studies [7-10] have shown that additional
phonetic information in the modeling stage can reduce the un-
certainty in speaker embeddings and thus improve the speaker
recognition system performance.

However, there are still two important issues associated
with previous phonetic information based speaker recognition
methods. Firstly, the real-world audio inputs contain lots of
“noisy data”, such as silence and unreliable voice segments.
These “noisy data” would introduce additional variability dur-
ing model training and thus increase the uncertainty in speaker
embeddings. Secondly, traditional utterance-level speaker em-
bedding consists of a single vector but contains diverse pronun-
ciation characteristics for a specific speaker. The use of the
coarse-grained utterance-level speaker embeddings for speaker
identification tasks is not in the line with the forensic voice iden-
tification process [11], where the identity of a speaker is deter-
mined by comparing phones one by one.

To address these two issues, this paper proposes a phone-
level speaker embedding extraction framework with Multi-gate
Mixture-of-Experts (MMOoE) based multi-task learning. In the
proposed framework, confident mono-phone segments are ob-
tained by a well-trained ASR model, while unreliable “noisy
data” is discarded. Such confident mono-phone segments are
used as the inputs of the speaker embedding extractor with
residual structure and self-attention mechanism. Inspired by
the success of the MMOoE based multi-task learning in the field
of recommendation systems [12], MMoE in the framework is
supposed to increase the sensitivity of the model to different
accents. In addition, to improve the fineness of the speaker rep-
resentation, a vector set generated from different mono-phone
segments is used as the final phone-level speaker embedding.

The main contributions of this paper are listed as follows:

* A phone-level speaker embedding extraction frame-
work is proposed in this paper. Compared with tradi-
tional utterance-level speaker embeddings, the proposed
phone-level speaker embeddings have a more refined
characterization of the speaker identity.

» This paper investigates the combination of the MMoE



technique with confident mono-phone segments and
their application in the domain of speaker identification.

» This paper provides a phone-level speaker recognition

system for large-scale Mandarin speaker identification
tasks and it significantly outperformed the traditional
utterance-level baseline system.

The rest of this paper is organized as follows. Sec-
tion 2 describes the squeeze-and-excitation residual network
(SE-ResNet) for extracting traditional utterance-level speaker
embeddings. The phone-level speaker embedding extraction
framework with MMOE is proposed in section 3. Experimental
results will be presented in Section 4. The last section concludes
and discusses possible future work.

2. Utterance-level Speaker Embedding
Extraction

Squeeze-and-excitation residual network (SE-ResNet) is one of
the state-of-the-art network architectures for speaker embed-
ding extraction [13, 14, 15]. The Squeeze-and-Excitation (SE)
module in SE-ResNet can adaptively recalibrate channel-wise
feature responses by explicitly modeling interdependencies be-
tween channels [16, 17].

As shown in Table 1, the inputs of the SE-ResNet used
in this paper are 64-dimensional static mel-filter bank (Fbank)
with delta and double-delta coefficients. The SE-ResNet is
composed of several stacked residual blocks with an SE mod-
ule, which is referred as SE-ResBlocks. The “SE-Res64”, “SE-
Res128”, “SE-Res256” and “SE-Res512” shown in Table 1 are
the SE-ResBlocks with different settings.

After several SE-ResBlocks, the frame-level feature maps
are integrated into an utterance-level vector through the self-
attention pooling (SAP) mechanism [18]. To deal with the
variable-length inputs, an additional mask is adopted in the
“SAP” layer to remove the zero-padding values. Supposed that
X = [x1,x2, ..., xN] is the output matrix of “SE-Res512” layer
in Table 1, where x; is the 7-th time dimension matrix of X, the
output of “SAP” layer is the weighted matrix U.

Qi?Kia‘/i = (WQ7WK7WV)xi (1)
QK
Attention(Qi, K, Vi) = softmax(mask( VG NVi (2)
s
N
U= ZAttention(Qi, K, V) 3)

where @;, K;, V; are the linear transformation matrics of z;, s
is the scaling parameters (512 in this paper). mask(-) replaces
the zero-padding value in x with negative infinity, so that the
weight is zero after softmax processing [19]. In the “Output”
layer, softmax is used as the activation function, while cross-
entropy is used as the loss function.

In the enrollment and test stages, the final “Output” layer in
Table 1 will be removed and the utterance-level speaker embed-
dings are obtained from the outputs of the “Embedding” layer.
The cosine function is used to measure the similarity between
two different speaker embeddings.

3. Phone-level Speaker Embedding
Extraction Framework
3.1. Phone-level input acquisition

In the forensic voice identification process, voiceprint experts
usually extract the relatively clean speech segments according

Table 1: Architecture of SE-ResNet. “SAP” denotes the self-
attention pooling layer, “B” denotes the batch size, “T” denotes
the number of short-time frames.

Layer | Structure [Stride [ Output size
Conv2d-64 Tx 1,64 2x 1| (B,64,32,T)
(Com} 3 %3, 64)
SE-Res64 Conv,3 x 3,64 1x1| (B,64,32,T)
fe.[8,64]
Comv2d-128 Tx 1,128 2% 2[(B,128,16,1/2)

Conv,3 x 3,128
Conv,3 x 3,128
fe, [16,128]
1x 1,256

SE-Res128 1x1[(B,128,16,T/2)

Conv2d-256 2x 1| (B,256,8,1/2)

Conwv,3 x 3,256
SE-Res256 | [ Conv,3 x 3,256 | |1 x 1| (B,256,8,T/2)

fe, [32,256]
Conv2d-512 1x1,512 2x 1| (B,512,4,T/2)
Conv,3 x 3,512
SE-Res512 | | Conv,3 x 3,512 | |1 x 1| (B,512,4,T/2)
fe, [64,512]
SAP - (B,512)
Embedding fc, [512, 512] - (B, 512)
Output fec, [12, #£Spk] - (B, #Spk)

to different phones, and then confirm the identity of the crimi-
nal suspect by manually comparing the spectrogram of the ac-
quired clean speech segments. According to this process, the
real-world audio data containing unreliable “noisy data” need
to be pre-processed before model training. As shown in Figure
1(b), an energy-based voice activity detector (VAD) is used to
filter out long silence in the original speech signal. After that,
confident mono-phone segments are obtained by using a well-
trained ASR model. The output labels of the ASR model are
tied tri-phones, while the mono-phone outputs are obtained by
the intermediate phones of the tied tri-phones. For example, the
corresponding mono-phone of the tri-phone “b-a3+w” is “a”,
where the tone is not considered in this paper. The toneless
Mandarin phone set from Cambridge University [20] is used in
this paper. This phone set consists of 44 mono-phones plus the
silence (“‘sil”’) and the short pause (“sp” ).

To acquire confident mono-phone segments, the confident
metric should be defined. Supposed that m; is the i-th mono-
phone and z; is the ¢-th frame, the confident score c;; of ¢
with respect to m; is defined as:

cit = p(mi|zt) C))
where p(-) is the posterior probability from a well-trained ASR
model. The mono-phone output of the ¢-th frame is determined
by using the maximum a posterior(MAP) criterion:

m(t) = argmzaas(ci,t) = argm?w(p(mi\mt)) 5)

The consecutive frames with identical mono-phone outputs are
concatenated into a mono-phone segment. The final confi-
dent mono-phone segments are selected through a pre-defined
threshold ¢. In addition, the silence segments (“sp” and “sil”)
are considered to be “noisy data” and discarded in this paper.
As shown in Figure 1(b), after the data pre-processing, the
original audio inputs are cut into multiple mono-phone seg-
ments with corresponding mono-phone labels. As shown in
Figure 1(a), the acquired confident mono-phone segments are
used as the inputs of the speaker embedding extractor, while the
mono-phone labels are used for subsequent multi-task learning.

3.2. MMOoE based multi-task learning

The complexity and diversity of the speech content in the mod-
eling process greatly increase the uncertainty of the speaker em-
bedding. It will degrade the accuracy of the speaker recognition
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Figure 1: (a) Overall of the proposed phone-level speaker embedding extraction framework. The “speaker embedding extractor” can
be any neural network according to different requirements. In this paper, it was the SE-ResNet without the “Output” layer in Table 1.
(b)Data pre-processing. (c) Multi-gate Mix-of-Experts (MMoE) based multi-task learning.

system. In fact, when humans distinguish different speakers,
they often get determination according to the inherent pronunci-
ation characteristics of some speakers. Therefore, it is necessary
to use the multi-task learning technique to enhance the phone-
awareness of the model to find discriminative phones [21].

Traditional multi-task learning fully shares the bottom net-
work parameters [22], which is equivalent to assuming that dif-
ferent sub-tasks have the same data distribution. However, the
feature representations of different mono-phones and speak-
ers should have different distributions. Therefore, the invalid
assumption will greatly weaken the characterization of the fi-
nal speaker embeddings. Inspired by the success of MMoE
in the field of recommendation systems, MMoE based multi-
task learning technique for speaker embedding extraction is pro-
posed in this paper. Supposed that the output of the “Embed-
ding” layer with respect to a mono-phone segment is the vector
e, the MMOoE shown in Figure 1(c) can be described as:

3
yr = h* (Z gate® (e)expert'(e)), k = 1,2 (6)
i=1

gate” (e) = softmax(nge), k=12 )
emperti(e) =Wie,i=1,2,3 ®)

where h* represents the sub-task networks. gate® denotes the
gating networks, expert® denotes the expert networks.

As shown in Figure 1(c), each expert is regarded as a weak
learner. According to the integration idea, the combination of
several weak learners can become a strong learner. In addition,
a gating network is used for each task. The gating networks
take the input features and output softmax gates assembling the
experts with different weights, allowing different tasks to utilize
experts differently [12]. The outputs of the assembled experts
are then passed into a speaker and mono-phone specific sub-
networks. In a word, MMoE automatically adjusts the shared
parameters and the unshared parameters, thus it can learn the
relationship between different tasks.

3.3. Implement details

The overall of the proposed framework is shown in Figure 1(a),
where the speaker embedding extractor can be replaced by a
suitable network structure according to different requirements.
In this paper, the SE-ResNet without the “Output” layers in
Table 1 is used as the speaker embedding extractor shown in
Figure 1(a). In the enrollment stage, the fine-grained phone-
level speaker embedding for a specific speaker consists of a
set of vectors obtained from confident mono-phone segment
inputs [23]. Likewise, in the test stage, different mono-phone
segments can generate different feature representations.
Supposed that the phone set of 44 mono-phones is (2,
the speaker embedding of the ¢-th speaker in the enroll-
ment stage is E° = {e}, |mk € My}, where Mg =
{mrlk=1,2,.., K} C Q, K is the number of confident
mono-phones of the i-th speaker, €%, . 18 the representation vec-
tor of the ¢-th speaker with respect to the mono-phone “my”.
Similarly, for a given test utterance with respect to an un-
known speaker, supposed that the speaker embedding is £’ =
{em9|m; € M}w}, where My, = {mj|j =1,2,..,K'} C
Q, K’ is the number of mono-phones in the test utterance, €m’
is the representation vector of the unknown test speaker with
respect to the mono-phone “m/;”, we can get the intersection
My ={m}n=1,2,.,N} = Mg N Mj;, of Mk and My,
where m., is the n-th confident mono-phone of both the i-th en-
rolled speaker and the unknown test speaker. Finally, the sim-
ilarity of these two speakers S(E’, E’) can be calculated as:

N
S(E',E'") = % Z cos(ein%, e:n;{) )

According to the selectior? olf confident mono-phone seg-
ments, the value of N may be so small that the final simi-
larity calculation may be less reliable. Therefore, this paper
only considers the case of N > 10 (when confident threshold
“c” = 0.6).
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4. Experiments
4.1. Experimental setup

To investigate the performance of the phone-level speaker em-
bedding, experiments were conducted on a large-scale Man-
darin speaker identification dataset. The training set includes
20,000 speakers of 720 hours. The test set contains 2 subsets:
(1) “Seen” Set: 16,672 speakers that occur in the training set.
(2) “Unseen” set: 16,652 speakers that do not overlap with the
training set. Note that there is no overlap between enrollment
and test utterances. In both “Seen” and “Unseen” sets, each
speaker has about 3 minutes speech data in the enrollment stage
and about 30 seconds speech data in the test stage.

The ASR model obtained from 564 hours of broadcast
news speech data [25] was used for extracting confident mono-
phone segments. All experiments were implemented with Py-
torch [26]. The models were trained using 4 NVIDIA A6000
GPU with 48GB memory for 20 epochs. The minibatch size
was 128. We used the Adam optimizer with an initial learn-
ing rate of 0.001 decreasing by 5% every epoch [15]. The
speaker identification systems shown in Table 2 are: @ the
utterance-level baseline system without multi-task learning; @
the utterance-level system with traditional multi-task learning;
® the system using confident mono-phone segments as inputs;
@ the system using confident mono-phone segments and tra-
ditional multi-task learning technique; ® the proposed system
shown in Figure 1(a).

4.2. Result analysis

Table 2: The performance of various speaker identification sys-
tems measured by Top-1 error rate (Err), “C” denotes the con-
fident threshold in section 3.1. “Traditional” indicates the tra-
ditional multi-task learning [9] method and “MMOoE” denotes
the proposed MMoE structure in Figure I(c).

Err(%)
Seen Unseen Avg
- 333 342 338
Traditional 215 226 221
- 251 250 250
Traditional 202 220 2.11
MMOoE 169 189 179

Systems Embedding Multi-task learning

Utterance-level

Phone-level
(c=0.6)

@ ® 6o

The performance of various utterance-level and phone-level
speaker identification systems with or without multi-task learn-
ing are shown in Table 2. From those results in Table 2, we
found 4 major trends.

Phone-level vs utterance-level: Performance improvements
can be obtained by using phone-level inputs. For example,
comparing system @ with system ® in Table 2, the phone-
level speaker identification system outperformed the traditional
utterance-level speaker identification system by a Top-1 average
error rate reduction of 26% relatively. The results of system @
and @ with multi-task learning also supported this point.

With or without multi-task learning: Comparing system @
with system @ (system @ with system @), we found that the
multi-task learning using additional phonetic information as
supervised labels can significantly improve the system perfor-
mance in both phone-level and utterance-level cases.
Traditional multi-task learning vs MMOoE based multi-task
learning: As expected, the proposed system ® using MMoE
based multi-task learning outperformed system @ using the tra-
ditional multi-task learning by a Top-1 average error rate reduc-
tion of 15.2% relatively.

Best system vs baseline system: Using all techniques includ-
ing confident phone-level inputs described in section 3.1 and
the MMOE technique proposed in section 3.2, the acquired
phone-level system ® gave the lowest Top-1 error rate and out-
performed the traditional utterance-level baseline system @ by
47.0% relative on average.

Table 3: The performance of the proposed phone-level system
with MMoE based multi-task learning using different confident
thresholds, where “0” means no threshold was set.

Confident threshold Err(%)
(c) Seen  Unseen  Avg
0 2.67 2.90 2.78
0.5 1.97 2.05 2.01
0.6 1.69 1.89 1.79
0.7 1.81 2.04 1.92
0.8 2.04 2.45 2.25

In addition, the effect of using different confident thresholds
on the proposed phone-level speaker identification system with
MMOE based multi-task learning is shown in Table 3. Firstly,
as shown in the first line of Table 3, when there is no confi-
dent threshold limitation, unreliable “noisy data” is retained in
the speech inputs, which would introduce additional variability.
Secondly, by setting suitable confident thresholds (from line 2
to line 5), we filter out “noisy data” and obtain reliable mono-
phone segments as input, which can effectively improve system
performance. Thirdly, when the threshold is too high, only a
few mono-phone segments would be obtained from a real-world
speech signal, which would lead to unrobust similarity scoring
from Equation (9) and degrade the system performance.

5. Conclusions and future works

In this paper, inspired by the forensic voice identification pro-
cess, we proposed a phone-level speaker embedding extraction
framework using confident mono-phone segments and MMoE
based multi-task learning. Benefiting from the phone-level
speaker embeddings, the problems of unreliable “noisy data”
and the coarse granularity of traditional utterance-level speaker
embeddings were further addressed. The proposed framework
was evaluated on a large-scale Mandarin speaker identification
dataset. From the results shown in this paper, we concluded
that confident phone-level inputs can significantly improve the
system performance. MMOoE based multi-task learning using
phonetic information as supervised labels could further improve
the performance of speaker identification systems. Moreover, a
suitable confident threshold was also an important factor affect-
ing the robustness of the speaker identification systems. The
drawback of the proposed framework is the requirement of
phoneme-rich speech data, which can ensure that enough confi-
dent mono-phone segments are available in both enrollment and
test stages. In future work, we will verify the proposed frame-
work on other benchmark datasets and combine it with tradi-
tional utterance-level speaker embedding extraction methods.
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