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Abstract
Far-field speaker verification (SV) has always been critical but
challenging. Data augmentation is commonly used to over-
come the problems arising from far-field microphones, such
as high background noise levels and reverberation effects. On
top of data augmentation, this paper tackles these problems
by introducing a UNet-based speech enhancement (SE) mod-
ule as a front-end processor for the speaker embedding mod-
ule. To prevent the SE module from distorting speaker infor-
mation, we propose two improvements to the speech enhance-
ment–speaker embedding pipeline. (1) A UNet-DenseNet joint
training scheme in which the UNet is optimized by both the
MSE and speaker classification losses. (2) A semi-joint training
scheme that stops the UNet training but continues the DenseNet
training when overfitting of the UNet is detected. Extensive ex-
periments on noise-contaminated Voxceleb1 and the VOiCES
Challenge 2019 demonstrate the effectiveness of the two train-
ing schemes.
Index Terms: Far-field speaker verification, speech enhance-
ment, UNet, DenseNet, speaker embedding

1. Introduction
Speaker verification (SV) is to verify whether an utterance is
spoken by the expected person. Over the past decades, the focus
of SV has shifted from the statistical methods such as GMM-
UBM and i-vector to deep speaker embedding [1, 2, 3, 4, 5, 6].
Although many advanced systems have achieved excellent per-
formance in clean environments, far-field speaker verification
is still challenging. Many efforts have been put into far-field
SV. Data augmentation is one of the most employed methods.
The training set comprises the original audios and augmented
audios, which make the SV systems more robust to noise and
reverberation. However, in realistic situations, the noise types
in the training set and in the deployment environment are dif-
ferent.

Recently, focuses have been shifted to using a cascade of a
speech enhancement network and a speaker embedding network
to address the noise and reverberation issues. For example, in
[7], a DNN was trained to predict the time-frequency binary
masks for speech enhancement; reverberation-dependent clas-
sifiers then classified the enhanced speech features. Shon et al.
[8] proposed the VoiceID loss enabling the SE network to gen-
erate a ratio mask that retains the necessary components of the
spectrogram for the subsequent SV task. However, this method
did not generalize very well on unseen noise. The authors in [9]
cascaded a speech enhancement module and an attention-based
speaker recognition module into one joint training model. How-
ever, the SE and SV modules were optimized by a single loss
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at the speaker embedding network’s output. In [10], an LSTM-
ResNet structure with a novel joint training strategy was pro-
posed to balance the convergence rates of the LSTM and the
ResNet. An MSE loss was also injected into the SE part to op-
timize the LSTM. By doing this, the gradient directions of the
two losses will compete with each other, alleviating the infor-
mation loss caused by the MSE [11]. However, the authors used
spectrograms as the input features, which require hundreds of
FFT points, leading to feature redundancy. Moreover, LSTM-
based front-ends are difficult to train, and parallel computation
is difficult to implement during inferencing [12].

When simultaneously optimizing the SE and the speaker
embedding networks using two loss functions, the two networks
usually exhibit different convergence behaviors. In particular,
the SE network will converge much earlier, leading to over-
fitting if the joint training continues. To address this problem,
we propose a semi-joint training strategy in which the weights
of the SE network will be frozen once it reaches convergence
and the optimization of the speaker embedding network contin-
ues.

This paper presents a pipeline for robust far-field speaker
verification shown in Fig. 1. We combine UNet [13, 14] and
DenseNet [4, 5, 6] into a joint training framework. Besides, we
used the channel-wise feature concatenation [10] to further re-
duce the loss in speaker information due to the SE task. We used
filterbank features instead of spectrograms to reduce the feature
redundancy. Inspired by early stopping, we propose a semi-
joint training method to alleviate the over-fitting of the noise
in the training data set. Furthermore, we also trained a UNet
and DenseNet independently to investigate the information loss
caused by the speech enhancement task.

2. UNet-DenseNet

Suppose the speech enhancement (SE) and speaker-embedding
modules were optimized separately for their respective tasks.
Then, it is not desirable to directly use the SE’s output as the
acoustic features for the speaker-embedding network. The rea-
son is that there is no mechanism for the SE module to keep the
speaker information, thus reducing the speaker-discriminative
power of the enhanced features. Another issue is that the
two modules were trained from speech collected from differ-
ent acoustic environments, causing domain mismatch during
inferencing. To address these issues, we propose a UNet-
DenseNet model in which the SE module (UNet) and the
speaker-embedding module (DenseNet) are jointly trained. A
semi-joint training scheme is also developed to prevent the SE
module from overfitting the speech enhancement task and thus
losing speaker information.
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Figure 1: The UNet-DenseNet for robust speaker verification

Table 1: Comparison of different models. “DenseNet” denotes using the DenseNet without speech enhancement for speaker embedding.
“VoiceID” means training the UNet by minimizing the cross-entropy loss at the speaker embedding network’s output. “UNet-DenseNet
CFC” denotes jointly minimizing the MSE loss and the cross-entropy loss with channel-wise feature concatenation. The SV training set
comprises Voxceleb1-dev and its augmented utterances. “D” denotes the development set and “D*” is its augmented set. “Original”
shows the performance on the original Voxceleb1 test set.

SV training set Voxceleb1(D) Voxceleb1(D*)

Noise type SNR DenseNet VoiceID DenseNet VoiceID UNet-DenseNet CFC
EER DCF EER DCF EER DCF EER DCF EER DCF

Music

20 5.57 0.547 5.67 0.554 5.38 0.531 5.01 0.483 4.61 0.505
15 6.52 0.607 6.53 0.673 5.78 0.573 5.50 0.513 4.94 0.541
10 8.54 0.702 8.17 0.717 6.69 0.615 6.41 0.605 5.61 0.592
5 12.05 0.853 11.18 0.835 8.57 0.749 8.06 0.739 7.18 0.661
0 18.03 0.941 16.09 0.909 11.56 0.866 11.26 0.846 9.62 0.752

Noise

20 6.19 0.601 6.27 0.591 5.47 0.561 5.14 0.528 4.93 0.531
15 7.58 0.678 7.45 0.624 5.96 0.599 5.72 0.543 5.16 0.548
10 9.58 0.723 8.95 0.711 6.88 0.657 6.48 0.628 5.89 0.623
5 12.47 0.805 10.89 0.769 7.91 0.675 7.62 0.657 7.36 0.652
0 16.98 0.868 14.79 0.841 9.88 0.784 9.83 0.745 8.74 0.745

Babble

20 5.49 0.549 5.88 0.574 5.39 0.531 5.13 0.528 4.75 0.484
15 6.75 0.632 7.07 0.672 6.65 0.587 6.15 0.574 5.43 0.558
10 9.74 0.727 9.91 0.736 9.23 0.693 8.73 0.689 7.64 0.674
5 15.56 0.911 15.19 0.903 14.07 0.859 13.57 0.864 12.54 0.839
0 24.53 0.984 23.59 0.975 22.88 0.976 21.99 0.975 20.95 0.985

Original 4.70 0.506 5.12 0.499 4.80 0.485 4.56 0.451 4.28 0.472
Average 10.64 0.727 10.17 0.724 8.57 0.671 8.19 0.648 7.48 0.637

2.1. DenseNet for Deep Speaker Embedding

A speaker embedding network consists of several frame-level
layers, a statistics pooling layer, and several utterance-level lay-
ers. A commonly used frame-level layer is the time delayed
neural network (TDNN) [1]; it maps a variable-length utterance
to intermediate frame-level features. A recent trend in speaker
embedding is to enhance the capability of frame-level process-
ing by replacing the TDNN with ResNet [2, 3] and DenseNet
[4, 5]. We employed a DenseNet with a structure shown in Ta-
ble 2 for the frame-level processing in our model.

2.2. UNet-based Speech Enhancement

Speech enhancement [16] aims to recover the target clean signal
from the corrupted signal. Specifically, the clean speech s(n)
is assumed to be corrupted by background noise b(n) through
an additive model in the time domain: y(n) = s(n) + b(n),
where y(n) is the observed noisy speech. To use a 2D-UNet for
speech enhancement, the short time Fourier transform (STFT)
is applied to noisy speech so that noisy spectrograms are used
as the input. Fig. 2 shows the UNet architecture.

Denote the STFT of the clean and noisy speech as St,f and
Yt,f , respectively, where t indexes the frames and f indexes
the frequency bins. Denote Mt,f as the ideal ratio mask (IRM)

in the time-frequency domain for recovering the clean spectro-
gram from the noisy spectrogram, i.e., St,f = Yt,f ⊙ Mt,f .
Our goal is to train a UNet to predict Mt,f from the noisy
spectrogram Yt,f . Because the prediction can never be per-
fect, we can only partially recover the clean spectrogram, i.e.,
Ŝt,f = Yt,f ⊙ M̂t,f , where M̂t,f is the predicted ratio mask.
The UNet is trained to minimize the mean squared error (MSE)
between the clean and the recovered spectrograms:

LMSE =
1

TF

T∑

t=1

F∑

f=1

(
St,f − Ŝt,f

)2

. (1)

Figure 2: The architecture of UNet for speech enhancement

Because the dimensionality of STFT features is too high for
the speaker embedding network, a set of filter banks are applied
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Table 2: The configuration of the DenseNet used in our model.
“conv” denotes the sequence BN-ReLU-conv1d, where BN is
batch normalization [15]. “conv k” represents one-dimensional
convolution with kernel size k.

Layer output size Operation
Convolution 80 × 400 conv 3

Dense Block 1 320 × 400

[
conv 1
conv 3

]
× 6

Transition Layer 1 160 × 200 conv 2 stride 2

Dense Block 2 560 × 200

[
conv 1
conv 3

]
× 10

Transition Layer 2 280 × 100 conv 2 stride 2

Dense Block 3 840 × 100
[

conv 1
conv 3

]
× 14

Transition Layer 3 420 × 50 conv 2 stride 2

Dense Block 4 820 × 50
[

conv 1
conv 3

]
× 10

Stats-pooling Layer 820 -
FC1 512 -
FC2 256 -

Softmax Layer # of classes -

to the STFT features to reduce the dimension to 40. The result-
ing features are commonly called filterbank features. To make
the UNet amendable to speaker embedding extraction, we use
filterbank features for the input and output of the UNet. Be-
cause the dimenion is now reduced to 40, we applied 1D-UNet
(with 1D convolution) instead of 2D-UNet in our work. There-
fore, f in Eq. 1 indexes the filters in the filterbank instead of the
frequency bins.

2.3. Multi-objective Learning

To achieve noise robust speaker verification, a speech enhance-
ment network can be employed to recover the clean signal.
UNet is an excellent speech enhancement network for this pur-
pose. However, the speaker information in the enhanced fea-
tures could be distorted because the network is optimized to
reduce the MSE loss, leading to performance degradation in the
subsequent speaker embedding network. We propose a multi-
objective function to optimize the UNet and DenseNet to over-
come this problem. Specifically, the speaker classification loss
will be backpropagated to the UNet to prevent it from distorting
speaker information when minimizing the MSE loss.

2.4. Channel-wise Feature Concatenation

To maintain a good representation quality, we apply channel-
wise feature concatenation (CFC) [10] to combine the corrupted
input and the enhanced features. The method aims at maintain-
ing both the original representation and the enhanced represen-
tation. At high SNR, the original representation contains un-
contaminated speaker information, facilitating the speaker em-
bedding network to extract speaker information. At low SNR,
the noise will mask the speaker information in the original rep-
resentation. In such case, the enhanced representation becomes
the primary source of speaker information.

2.5. Semi-joint Optimization

It is challenging to ensure that different learning tasks will con-
verge at a comparable rate during training. Most often, a task

may have already converged while the others are still in the
course of convergence. In SE-SV, if the SE task converges much
earlier than the SV task, the SE module will over-fit the seen
noise. To overcome this problem, we propose a semi-joined op-
timization method that leverages the idea of early stopping in
DNN training. Specifically, instead of jointly train the UNet
and DenseNet from the beginning to the end, we stop training
the UNet once it converges and continue training the DenseNet
while freezing the weights of the UNet.

3. Experimental Setup
3.1. Data preparation

Experiments were conducted on the Voxceleb1 dataset [17] and
the VOiCES Challenge 2019 evaluation set [18] (Voices19c-
eval). The training set comprises 1251 speakers and 148,642 ut-
terances from the Voxceleb1 development set (Voxceleb1-dev).
We evaluated the model’s performance on the Voxceleb1 test set
(Voxceleb1-test) and the Voices19c-eval. In Voxceleb1-dev, we
used the Musan dataset [19] to augment the training utterances
and to contaminate the test utterances in Voxceleb1-test.

There are three types of noise in Musan: noise, speech, and
music. We divided noise and music into two disjoint sets. One
set was used for augmenting the training utterances with the
SNR uniformly distributed between 0dB and 20dB, while the
other set and the “us-gov” speech were used to contaminate the
test set at an SNR of 0dB, 5dB, 10dB, 15dB, and 20dB, respec-
tively. This procedure assures that the noise types in the test
sessions are unseen.

3.2. Network Architecture and Network Training

For each audio file in the training set, a 4-second segment was
randomly cut from the waveform. Then, the segment was con-
verted to 40-dimensional filterbank feature vectors using a 25-
ms window with a frameshift of 10ms. No mean-normalization
and voice activity detection were performed. Stochastic gra-
dient decent (SGD) with a momentum of 0.95 was employed
to optimize the models. We used the CosineAnnealingWarm-
Restarts scheduler in PyTorch [20] to update the learning rate.
The initial learning rate was set to 0.01. And 128 shuffled sam-
ples were grouped into a batch. An 1D-UNet was employed in
the de-noising part. During the testing stage, the whole utter-
ance in each audio file was used. The equal error rate (EER)
and minimum detection cost function (minDCF) were used as
the performance metrics.

UNet: The UNet has 12 layers, with 6 layers in the encoder
and 6 layers in the decoder. The numbers of output channels in
the encoder are 64, 128, 128, 256, 256, and 512, respectively.
For the decoder, they are 256, 256, 128, 128, 64, and 40. The
kernel size of the 1D-UNet was set to 3 for the first 3 layers
of the encoder and was set it to 5 for the last 3 layers of the
encoder. The decoder is symmetric to the encoder

DenseNet: We used an 80-layer DenseNet for speaker
embedding. The architecture is shown in Table 2.

V oiceID: The SE-SV network is composed of a UNet and
a pre-trained DenseNet. The parameters of the DenseNet were
frozen while optimizing the UNet using the cross-entropy loss
at the DenseNet’s output.

UNet-DenseNet CFC: It is a cascade of an 1D-UNet
and an 80-layer DenseNet, where channel-wise feature concate-
nation (see Fig. 1) was adopted.
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Table 3: Comparison of separate training and joint training.

SV training set Voxceleb1(D*)

Noise type SNR Separate Joint CFC
EER DCF EER DCF

Music

20 4.53 0.461 4.61 0.505
15 5.08 0.491 4.94 0.541
10 5.79 0.562 5.61 0.592
5 7.38 0.669 7.18 0.661
0 10.83 0.823 9.62 0.752
−5 16.77 0.940 14.69 0.892

Noise

20 4.65 0.482 4.93 0.531
15 5.24 0.503 5.16 0.548
10 5.75 0.576 5.89 0.623
5 7.27 0.676 7.36 0.652
0 9.26 0.783 8.74 0.745
−5 13.07 0.882 11.13 0.832

Babble

20 4.68 0.471 4.75 0.484
15 5.71 0.546 5.43 0.558
10 7.91 0.642 7.64 0.674
5 12.48 0.822 12.54 0.839
0 20.84 0.967 20.95 0.985
−5 30.78 0.999 30.54 0.999

Original 4.20 0.447 4.28 0.472
Average 9.59 0.671 9.26 0.678

4. Results
4.1. Comparing Training Schemes

Table 1 shows the performance of our jointly trained model
(UNet-DenseNet CFC) and other models. It shows that
the UNet-DenseNet performs the best among all models,
which achieves over 5% reduction in EER compared with
the DenseNet and with the UNet cascaded with a pre-trained
DenseNet (VoiceID).

Table 3 shows the performance of separate training and
joint training. “Separate” means training a UNet and DenseNet
separately and then joined them together. The column “Joint”
means that we jointly trained the UNet and DenseNet. We ob-
served that separate training performs worse at low SNR. There-
fore, we added a row to show the performance at −5dB. Table 3
shows that although separate training can achieve comparable
performance (or even better) at high SNR, the performance de-
grades sharply at low SNR such as 0dB and −5dB. The re-
sult shows that joint training achieves a relative improvement
of 2.8% in average EER and a 7% relative improvement at SNR
of −5dB.

Table 4 and Table 5 show that semi-joint training leads to
obvious improvement compared with joint training. Also, semi-
joint training performs better on unseen babble noise and real-
istic noise, with a relative reduction of 7.2% in EER and 7.5%
in minDCF.

We applied weighted-prediction error [21] to de-reverberate
the speech in Voices19c-eval, followed by presenting the de-
reverberated speech to the UNet-DenseNet. Table 5 shows
the results. Despite the lack of training data and small model
size (which cause higher than usual EER in Voice19c-eval),
semi-joint training method achieves a relative improvement of
6.8% in EER and 2% in minDCF compared with joint training,
which suggests that the UNet-DenseNet architecture together
with semi-joint training can generalize to unseen realistic noise.

Table 4: The performance of semi-joint training and joint train-
ing on the Voxceleb1 test set.

SV training set Voxceleb1(D*)

Noise type SNR Joint CFC Semi-joint CFC
EER DCF EER DCF

Music

20 4.61 0.505 4.32 0.468
15 4.94 0.541 4.54 0.463
10 5.61 0.592 5.30 0.566
5 7.18 0.661 6.52 0.631
0 9.62 0.752 8.89 0.762

Noise

20 4.93 0.531 4.49 0.461
15 5.16 0.548 4.79 0.509
10 5.89 0.623 5.47 0.567
5 7.36 0.652 6.37 0.602
0 8.74 0.745 7.98 0.683

Babble

20 4.75 0.484 4.46 0.429
15 5.43 0.558 5.35 0.485
10 7.64 0.674 7.24 0.610
5 12.54 0.839 11.89 0.798
0 20.95 0.985 19.46 0.968

Original 4.28 0.472 4.07 0.425
Average 7.48 0.637 6.94 0.589

Table 5: The performance of semi-joint training and joint train-
ing on the Voices19c test set.

Model Semi-Joint Joint
EER (%) /minDCF 11.68/0.883 12.54/0.901

4.2. Analysis of the Ratio Masks

To further investigate how joint training and separate training
affect the ratio masks. We selected an audio file from the test set
and augmented it with fixed random noise at an SNR of −5dB.
Then we present the noisy filterbank features to the UNet. The
masks produced by the UNet are shown in Fig. 3, which shows
that the mask produced by separate training can remove more
noise (shown in the red circle region, with dark means the cor-
responding components will be de-noised after masking). How-
ever, it may destroy the useful frequency components beneficial
for speaker embedding.

Figure 3: The masks produced by separate training (left) and
joint training (right).

5. Conclusions
We proposed a UNet-DenseNet pipeline for far-field speaker
verification. The results show that the proposed joint training
scheme performs much better than separate training at low SNR
on the Voxceleb1 test set. A semi-joint training method is pro-
posed to optimize the joint model so that the convergence of the
SE and SV modules are balanced. Results on VOiCES Chal-
lenge 2019 show that the semi-joint training method leads to a
model that can generalize well on unseen noise.
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