INTERSPEECH 2021
30 August — 3 September, 2021, Brno, Czechia

Multi-Level Transfer Learning from Near-Field to Far-Field Speaker
Verification

Li Zhang', Qing Wang', Kong Aik Lee?, Lei Xie'" , Haizhou Li®

! Audio, Speech and Language Processing Group (ASLP@NPU), School of Computer Science,
Northwestern Polytechnical University, Xi’an, China
Institute for Infocomm Research, A*STAR, Singapore
3Department of Electrical and Computer Engineering, National University of Singapore, Singapore

lizhang.aslp.npu@gmail.com,

Abstract

In far-field speaker verification, the performance of speaker em-
beddings is susceptible to degradation when there is a mis-
match between the conditions of enrollment and test speech. To
solve this problem, we propose the feature-level and instance-
level transfer learning in the teacher-student framework to learn
a domain-invariant embedding space. For the feature-level
knowledge transfer, we develop the contrastive loss to trans-
fer knowledge from teacher model to student model, which not
only decrease the intra-class distance, but also enlarge the inter-
class distance. Moreover, we propose the instance-level pair-
wise distance transfer method to force the student model to pre-
serve pairwise instances distance from the well optimized em-
bedding space of the teacher model. On FFSVC 2020 eval-
uation set, our EER on Full-eval trials is relatively reduced
by 13.9% compared with the fusion system result on Partial-
eval trials of Task2. On Taskl, compared with the winner’s
DenseNet result on Partial-eval trials, our minDCF on Full-eval
trials is relatively reduced by 6.3%. On Task3, the EER and
minDCF of our proposed method on Full-eval trials are very
close to the result of the fusion system on Partial-eval trials.
Our results also outperform other competitive domain adapta-
tion methods.

Index Terms: far-field speaker verification, teacher-student,
domain-invariant, transfer learning

1. Introduction

Speaker verification (SV) is to decide to accept or reject test
utterances according to the enrollment utterances [1]. In re-
cent years, most speaker verification methods based on deep
learning have achieved superior recognition performance under
controlled conditions, i.e. close-talk scenarios with less inter-
ference and less mismatch. However, their performances drop
significantly when the speech is collected in the wild, such as
far-field noisy scenarios or mismatch exists. In far-field scenar-
10s, it is common for users to enroll their voice via close-talking
mobile phones and authenticate in the complex far-field daily
home environment. So most SV formulas in smart speakers and
various voice-enabled IoT gadgets need to deal with domain
mismatch between enrollment and test utterances.

In recent studies, the solutions to domain adaptation in SV
tasks can be divided into three categories. The first method
is data augmentation, which can make the SV model ‘see’
more acoustic environment variances and obtain more robust
speaker embeddings. In far-field speaker verification challenge
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2020 (FFSVC 2020) [2], many systems [2, 3, 4, 5] have consid-
ered data augmentation as a solution for domain adaptation to
improve system performances. The second method is to apply
adversarial learning to make the distribution of source and tar-
get domain more similar [6, 7, 8, 9, 10, 11]. The third method
is to adopt teacher-student (T/S) model for knowledge transfer
learning [12, 13, 14, 15]. T/S model was firstly introduced to
reduce model size by distilling knowledge from a well trained
large teacher model to a small student model [16]. Moreover,
T/S model can deal with domain mismatches by transferring
accurate knowledge from teacher model to student model [17],
which can make the student model robust in different mis-
match scenes [18]. Besides knowledge transfer learning with
the Kullback-Leibler (KL) divergence in T/S model, minimiz-
ing the distance from the corresponding embeddings extracted
from teacher model and student model can also decrease the
mismatch between the teacher and student [19]. Liang et al. [20]
and Chen et al. [21] proposed invariant representation learn-
ing with cosine-based consistency embedding training. Jung et
al. [22] proposed the cosine-based T/S to improve short utter-
ance verification performance with the help of long utterances.

However, all previous T/S methods in speech processing
only considered classification accuracy guidance from teacher
model and the embedding layer mapping between the teacher
and student model. The embedding layer mapping aims to
reduce the distance of embeddings from the same classes ex-
tracted from teacher and student models but ignores enlarging
the distance between different classes which is vital as well.
Moreover, the methods mentioned above mainly focus on the
mismatches between training and test set but we deal with the
mismatch between enrollment and test utterances, which is ex-
tremely common in far-field speaker verification.

In this paper, we propose the multi-level transfer learning
from near-field to far-field to solve the mismatch between en-
rollment and test utterances. In the proposed method, we make
good use of the domain-invariant knowledge from close-talking
data to guide our student model to learn with far-field data. In-
spired by the contrastive loss in self-learning [23, 24, 25], we
develop the contrastive loss to increase the distance between
different classes in T/S model. Besides the feature-level knowl-
edge transfer in embedding layer, we propose an instance-level
pairwise distance transfer method to force the student model to
preserve pairwise instances distance which is calculated from
a well optimized embedding space of the teacher model. Ex-
perimental results with the proposed method on FFSVC 2020
evaluation trials illustrate that our methods get significant im-
provements compared with several competitive methods.

http://dx.doi.org/10.21437/Interspeech.2021-1980



2. Teacher-student Framework

In T/S framework, the source-domain model (teacher) trained
by close-talking data with cross entropy loss aims to generate
the corresponding posterior probabilities as soft labels, which
are used in lieu of the hard labels derived from target-domain
model (student) training by the parallel far-field data. Classical
T/S learning is to minimize the Kullback-Leibler (KL) diver-
gence between the output distributions of the teacher network
and student network [18] given the parallel data x; ; and x5 ;.
The KL-divergence formula with temperature = 1 (1" = 1) is:
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where x¢ ; is the jth close-talking utterance which is from the
close-talking dataset X; = {z¢,1,T¢,2,%¢,3, ..., Te, N }. Ts,i 1S
the ith far-field utterance which is from the far-field dataset
Xs = {®s,1,%s,2,Ts,3, ..., Ts,0}. We group x¢; and s ;
into the pair (z:j,%s,) and they are input into teacher and
student model as well as x;; and x, ; have the same speaker
label. c is the speaker identity which is from the speaker label
set C = {c1,¢2,c3,...,cc} and |C| = C. These probabilities
of p(c|zy,5;0¢) and p(c|zs,:; 0s) are the classification posterior
of teacher model and student model respectively. We obtain
the best result when temperature equals 1 the same conclusion
reported in [18, 16, 26, 27, 28]. Cross entropy loss combined
with KL divergence is a common loss of knowledge distillation
in model compression [16] and transfer learning [18]. The for-
mula of cross entropy is:
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Lep(bs) = -5 2 ;c log(p(clzs,i; 65)),
However, transfer knowledge by the posterior of classification
cannot ensure to optimize out a well embedding space of the
student model as that of the teacher model. So we propose
a multi-level transfer learning method to improve the transfer
learning performance on the mismatch problems.
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3. Multi-Level Transfer Learning
3.1. Feature-level knowledge transfer

In order to decrease the mismatch between enrollment and test
utterances in far-field speaker verification, we propose a multi-
level knowledge transfer method which can not only transfer
knowledge in feature-level but also transfer structure informa-
tion of instance-level pairwise distance. The overview of our
proposed method is shown in Figure 1. The architecture of our
method consists of four parts which are teacher model, student
model, feature-level transfer learning and instance-level transfer
learning. The feature-level and instance-level transfer learning
parts operate on the embedding layer. The feature-level trans-
fer learning aims to increase the inter-class distance as well as
to decrease the intra-class distance. The instance-level trans-
fer learning compares the ‘anchor’ embedding extracted from
the teacher model with the positive embedding which has the
same speaker label as ‘anchor’ embedding and the negative em-
beddings which have different speaker labels with the ‘anchor’
embedding. And the negative and positive embeddings are ex-
tracted from the student model. In the right part of Figure 1,
TES and SES are the abbreviations of teacher embedding space
and student embedding space respectively. In the circle, differ-
ent color speakers mean that they have different speaker labels.
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Figure 1: Multi-level transfer learning method in T/S

In previous work, different kinds of metric distance losses
are introduced to decrease mismatch discrepancy between the
teacher embedding and the student embedding to improve the
generalization of student model. The general formulation of
different distance losses is:

Lr = D(fo, (2t,6), fo.(%s,5)), 3)
where f(-) is the output embeddings of speaker extractor.
fo.(x+,:) and fo, (x5 ;) are the speaker embeddings extracted
from teacher model and student model respectively. D is
the general distance measure formulas, such as mean square
error (MSE) loss [22], maximum mean discrepancy (MMD)
loss [19] or cosine similarity loss [22]. All the losses are calcu-
lated on the embedding layer in speaker extractor so we call this
kind of methods feature-level knowledge transfer. In this paper,
we compare the performance of different distance losses.

Although the above embedding mapping methods transfer
invariant knowledge of the same speaker from teacher model to
student model, these methods ignore inter-class distance learn-
ing of different speakers. So we propose a new feature-level
knowledge transfer learning loss based on the contrastive loss in
self-supervise learning. The primary idea of contrastive learn-
ing in self-supervised representation learning [24, 23, 25] is to
pull an anchor and a ‘positive’ sample together in embedding
space, and push the anchor apart from many ‘negative’ samples
similar as the goal of speaker verification.

We develop the contrastive loss to transfer knowledge from
teacher model to student model. In our task, the anchor of this
contrastive loss is the embedding extracted from the well trained
teacher model. The positive and negative embeddings are ex-
tracted from student model. Since our task is supervised we can
calculate the contrastive loss of teacher and student according
to the labels of samples. The developed formula is:
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where <, > is the inner product of embeddings and fy, (-) and
fo, () are embeddings extracted from the teacher model and the
student model respectively. fp, (z+,:) and fp, (xs,;) have the
same speaker label while fy, (z+,:) and fo, (zs,a) have differ-
ent labels. A(7) are the indexes of embeddings extracted from
teacher model as well as the speaker labels of A(z) samples are
different from fo, (x+:)’s. The formula takes the embedding
extracted from teacher model as the anchor to optimize the em-
bedding space of student model in two aspects. The first aspect
worked by the molecule decreases the distance of embeddings
from the same class. The other aspect is to increase the distance
of embeddings from different classes. In this way, the trustwor-
thy anchor is extracted from the well trained teacher model.



3.2. Instance-level knowledge transfer

With a well trained teacher model, the embedding space gener-
ated by the teacher model has a more reliable reference com-
pared with that of the student. Ideally, if there is no mis-
match between teacher model and student model, they will
have the same distribution in the embedding space. Sup-
pose one batch embeddings extracted from teacher model
is Fi(0:) [fo.(@e.1), fo. (1.2), fo, (x1.3), .-, fo. (z1,B)]
with the size [B,F] as the embeddings F(6s)
[fo.(@s,1), fo.(@s.2), fo.(2s,3), -, fo. (2s,8)] extracted from
student model. Training batch size is B and F' is the dimen-
sion of embedding. Unlike previous work, we propose to pre-
serve the pairwise instances distance calculated from Fy(6) in
F(05). This method can guide student model towards the em-
bedding space of teacher model. The formula is:

(d® —d")|]a, )

where L is MSE distance of two similarity matrices. The d°
and d" are pairwise similarity matrices in one batch embeddings
generated by the teacher model and student model respectively.

d" = Fy(0:) - Fo(0:)", (©)
d® = F,(0s) - Fs(0,)". (7

The operator - denotes matrix multiplication and 7" is the ma-
trix transposition. The minimization loss in Eq. (5) can make
student model preserve teacher model’s instance-level pairwise
distances. This method can penalty the difference from pair-
wise similarity matrices of the teacher model and the student
model so that we can optimize the embedding space of the stu-
dent model to make it closer to the teacher model’s. This idea
is illustrated in the upper right corner of Figure 1.

1
Lr = 5l

4. Experiments
4.1. Datasets

We verify our method on the FFSVC 2020 dataset [2]. The
FFSVC 2020 dataset contains close-talking iPhone record-
ings and far-field microphone array recordings. The chal-
lenge includes three tasks. Taskl is a text-dependent (Nihao,
Miya) speaker verification with close-talking iPhone record-
ings for enrollment and far-field microphone array record-
ings for test. Task2 is a text-independent speaker verification
with close-talking iPhone recordings for enrollment and far-
field microphone array recordings for test. Task3 is a text-
dependent (Nihao, Miya) speaker verification with close-talking
iPhone recordings for enrollment and recordings from far-field
distributed microphone arrays recordings for test. Each task ex-
ists domain mismatch in development trials and evaluation tri-
als. In FFSVC 2020, the organizer only released the results
on 30% of the evaluation trials, denoted as Partial-eval trials.
Since we don’t know which 30% is the partial evaluation tri-
als, we evaluate on all the evaluation trials, denoted as Full-
eval trials which should be more challenging. We use openslr’
datasets (SLR33, SLR38, SLR47, SLR49, SLR62, SLR82,
SLR85) to pretrain the teacher and student models. The datasets
for pretraining are augmented with MUSAN [29] and room im-
pulse response (RIR) [30] datasets by KALDI recipe [31].

4.2. Experimental Setup

We adopt a small size Thin ResNet-34 [32] with SE-block [33]
as our speaker verification model. The channel-wise attention

Uhttp://www.openslr.org
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has six times reduction ratio [32] in the SE-block to decrease
the parameters as well as to ensure the model’s good perfor-
mance. We use attention statistic pooling (ASP) [32] as the
pooling layer and adopt the penultimate layer of the network as
the embedding extraction layer. Our teacher and student models
have the same structure and the details of the model structure
is shown in Table 1. The model has about 8 million parame-
ters and the performance of our baseline system is better than
the challenge official baseline, which has 21 million parame-
ters [2]. In our work, we adopt the softmax loss function. The
number nodes of the last layer are speaker numbers (NumSp-
krs). Eighty dimensional mel-filter bank features with 25ms
window size and 10ms window shift are extracted as model in-
puts. During training, the batch size of every iteration is 400
with 2 GeForce RTX 3090. The learning rate is initialized from
0.01 and decays by the original 10% every 2 epochs. The opti-
mizer is stochastic gradient descent (SGD) in pytorch.

Table 1: T/S Model Structure

Layer Kernel Size  Stride Output Shape
Convl 3x3x32 1x1 L x 80 x 32
Resl 3x3x32 1x1 L x 80 x 32
SE-Block - - L x 80 x 32
Res2 3x3x32 1x1 L x 40 x 64
SE-Block - - L x 40 x 64
Res3 3x3x64 2x2 L, x20x128
SE-Block - - Ly x 20 x128
Res4 3x3x128 2x2 L, x10x 256
SE-Block - - L4 x 10 x 256
Flatten - - L g x 2560
ASP - - 5120
Linear 512 - 512
Softmax - - NumSpkrs

4.3. Training Strategy

Firstly, we use the openslr datasets to pretrain a robust out-of-
domain speaker verification model. Then we retrain the out-of-
domain model with FFSVC 2020 train set to construct our base-
line. After that, we retrain the out-of-domain model with iPhone
recordings in FFSVC to get a well trained teacher model. We
initialize our student model with the parameters of the baseline
model. We group close-talking iPhone recordings and the cor-
responding recordings in train set of FFSVC 2020 into pairs
as the inputs of teacher and student model respectively. Each
pair utterances have the same speaker label. The reason we
use all of FFSVC 2020 train set instead of only far-field mi-
crophones recording data as the inputs of student model is that
we want the student model to be robust to close-talking and far-
field data at the same time. When we verify each knowledge
transfer method, we fix the parameters of well trained teacher
model, and just train the student model. In training process,
each knowledge transfer loss will be combined with the soft-
max loss to maintain the discriminative power [22] of student
model. In our task, our proposed method combined with cross
entropy loss is formulated as:

LCE,F’ =Lceg+ XM X LF” (8)
Legr = Log + X2 X Ly, ©)
LCE,F’J =Lce+ X1 X LF' + Ao X Lj. (10)

We finetune the hyparamters A; and Ao with different groups
of values, but experiments show the model can optimize well
when we set A1 and A2 to 0.1 and 10.



5. Results and Analysis
5.1. Experimental Results

In order to test the degree of the mismatch between enrollment
and test utterances, we re-organize the utterances from FFSVC
2020 development trials of Task]1 into other two set trials. One
set of trials is close-talking iPhone recordings as the enrollment
as well as close-talking iPhone recordings as the test. Another
set of trials is far-field microphones recordings as the enroll-
ment as well as far-field microphones recordings as the test. The
above two new sets of trials have no mismatch between the en-
rollment and test utterances and they are named Close-talking
trials and Far-field trials respectively.

Table 2: Results on Taskl Development Trials

Methods Task].trials Close-talking.trials  Far-field.trials
EER (%) minDCF  EER (%) minDCF EER (%) minDCF
Official Baseline [2] 6.30 0.640 - - - -
Our Baseline 5.18 0.669 4.04 0.391 7.51 0.646
Teacher Model - - 2.55 0.305 - -
Student Model 5.18 0.669 4.04 0.392 7.51 0.646
KL divergence [34] 4.92 0.551 2.77 0.315 4.96 0.485
Cosine Distance [22] 4.71 0.526 2.69 0.315 4.84 0.475
MMD [19] 4.69 0.530 2.36 0.329 4.26 0.449
DenseNet [4] 4.57 0.49 - - - -

STC System [3]

Feature-Level Knowledge Transfer (F)
Instance-Level Knowledge Transfer (I)
Multi-level Transfer Learning (F&I)

4.24
431
4.22
4.00

0.490
0.553
0.562
0.483

0.449
0.461
0.426

4.26
3.95
3.89

0.329
0.326
0.281

2.37
222
2.01

We compare our methods with several recent T/S transfer
learning methods, i.e. KL-divergence [34], cosine distance [22]
and MMD [19] loss. In order to maintain its discriminative
power of the student model, each knowledge transfer learning
methods in experiments is collaborate with the softmax loss
in training. We use the cosine distance for scoring. From
Table 2, on Taskl development trials, we can observe that
the proposed feature-level transfer learning method achieves
relative 16.8%/17.3% reductions in EER/minDCF compared
with our baseline results. And the instance-level transfer
learning method achieves relative 18.5%/15.9% reductions in
EER/minDCF compared with our baseline. With the help
of both feature-level and instance-level transfer learning, we
achieve relative 22.8%/27.8% EER/minDCF reductions as com-
pared with our baseline. Meanwhile, our method outperforms
others’ released by the top winners of FFSVC 2020 [3, 4].

Experimental results in Table 3 show that we achieve
38.6%/26.3% relative reductions on EER/minDCF compared
with our baseline results on Task2 development trials.
On Task3, we achieve 32.8%/30.1% relative reductions on
EER/minDCF compared with our baseline result. Compared
with the released results of challenge top winners [3, 4], our re-
sults are better than those of DenseNet [4] and STC system [3].

Table 3: Results on Task2 & Task3 Development Trials

Methods Task24tria.ls Task3.tria_ls
EER (%) minDCF EER (%) minDCF

Official Baseline [2] 6.23 0.650 5.82 0.710
Our Baseline 6.80 0.745 471 0.617
KL divergence [34] 6.60 0.735 4.30 0.509
Cosine Distance [22] 6.56 0.709 4.14 0.505
MMD [19] 6.55 0.704 4.10 0.504
DenseNet [4] 4.57 0.490 4.12 0.450
STC System [3] 4.46 0.484 3.35 0.458
Feature-Level Knowledge Transfer (F)  4.46 0.614 3.59 0.497
Instance-Level Knowledge Transfer (I) ~ 4.62 0.650 3.61 0.518
Multi-level Transfer Learning (F&I) 4.17 0.549 3.16 0.426

The experimental results on FFSVC 2020 evaluation tri-
als are shown in Table 4. The Full-eval in the column of tri-
als means all of evaluation trials and Partial-eval means 30%
evaluation trials. Compared with the result of Partial-eval trials
with DenseNet [4] on Taskl1, though our EER on Full-eval tri-
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als has 0.14% gap, our minDCF is relatively reduced by 6.3%.
On Task2, our result of Full-trials is better than the result of
Partial-eval trials with the fusion system [3]. On Task3, our re-
sult on Full-eval trials is better than the result of DenseNet [4]
on Partial-eval trials. On Task3, our result on Full-eval trials is
close to result of the fusion system [3] on Partial-eval trials.

Table 4: Results on Evaluation Trials

Task . trials Task2.trials Task3.trials

Methods

Trials

EER (%) minDCF _EER (%) minDCF _EER (%) minDCF
Official Baseline [2] 9.93 0.870 11.87 0.950 10.68 0.860 Partial-eval
Our Baseline 6.51 0.662 7.85 0.793 6.71 0.610 Full-eval
DenseNet [4] 5.78 0.570 - 6.02 0.530 Partial-eval
Fusion System [3] 5.08 0.500 5.39 0.541 5.53 0.458 Partial-eval
Multi-level Transfer Learning (F&I) 5.92 0.534 4.64 0.547 5.64 0.492 Full-eval

5.2. Analysis

We randomly select 35 speakers from evaluation trials for
further analysis. We randomly choose 500 embeddings of
each speaker to visualize the embedding distribution with
TSNE [35]. The top three pictures in Figure 2 illustrate the
embedding distribution without our proposed method. We can
observe the top visualized embedding space is more messy with
red circle line marking the misclassified categories. The bottom
three pictures show the embedding distribution with our pro-
posed multi-level transfer learning method. It is obvious that the
bottom embedding distribution boundary of different classes is
more clear and accurate especially on Task2.
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Figure 2: Visualization of embedding distribution

6. Conclusions

In this paper, we propose a multi-level transfer learning method
to eliminate the mismatch between enrollment and test utter-
ances. In particular, we develop the contrastive loss to reduce
the intra-class distance and enlarge the inter-class distance si-
multaneously. In addition, we propose the instance-level trans-
fer learning to make the student model preserve the instances’
pairwise distance in the embedding space of teacher model.
With our proposed method, experimental results on FFSVC
2020 development set show that the EERs are lowered rela-
tively by 22.8%, 38.6%, 32.8% on Task1, Task2, and Task3 re-
spectively compared with our baseline results. On FESVC 2020
evaluation set, our result on Full-eval trials is even better than
the fusion system result released by the challenge top winner on
Partial-eval trials on Task?2.
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