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Abstract
Almost all speaker recognition systems involve a step that con-
verts a sequence of frame-level features to a fixed dimension
representation. In the context of deep neural networks, it is re-
ferred to as statistics pooling. In state-of-the-art speak recogni-
tion systems, statistics pooling is implemented by concatenat-
ing the mean and standard deviation of a sequence of frame-
level features. However, a single mean and standard devia-
tion are limited descriptive statistics for an acoustic sequence
even with a powerful feature extractor such as convolutional
neural networks. In this paper, we propose a novel statistics
pooling method that can produce more descriptive statistics
through a mixture representation. Our approach is inspired by
the expectation-maximization (EM) algorithm in Gaussian mix-
ture models (GMMs). However, unlike the GMMs, the mixture
assignments are given by an attention mechanism instead of the
Euclidean distances between frame-level features and explicit
centers. Applying the proposed attention mechanism to a 121-
layer Densenet, we achieve an EER of 1.1% in VoxCeleb1 and
an EER of 4.77% in the VOiCES 2019 evaluation set.

1. Introduction
Speaker verification has witnessed impressive advances in re-
cent years [1–7]. It has become an increasingly popular choice
for biometric authentication. The traditional factor analysis
based speaker representation (i-vector) has been replaced by
deep neural network speaker embedding, which has shown re-
markable robustness to noise, reverberation and domain shift
[8]. Among the DNN-based approaches, the x-vector is consid-
ered state-of-the-art [5]. Compared with previous DNN-based
approaches [2–6], several features of the x-vector stand out: (1)
the use of extensive data augmentations with real-life noise and
reverberation, (2) the use of short training segments randomly
sampled from original utterances, and (3) the statistics pooling
of a sequence of frame-level features to produce a fixed dimen-
sion representation. It has been shown that the x-vector is supe-
rior to the i-vector and other DNN-based speaker embeddings.
In both NIST SRE 2016 and 2018 evaluations, the leading teams
used x-vector-based systems [8].

The process of converting an acoustic sequence to a fixed-
dimensional representation is referred to as statistics pooling in
the literature [5]. It has been shown that the statistics pooling
layer of an x-vector network can have a significant impact on the
performance of speaker embeddings. In [5], it was shown that
using both mean and standard deviation of frame-level features
has significant improvement over using the mean alone. In [9],
the authors argued that each frame should not be treated as equal
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in computing the statistics as some frames are more discrimi-
native than the others. Therefore, an attention mechanism was
introduced to weight each frame. We refer to this statistics pool-
ing as attentive statistics pooling (ASP) in the rest of the paper.
The ASP is further extended to multiple-head attention in [10],
where multiple attention heads were used to weight each frame
to produce multiple means and standard deviations for an input
sequence. A regularization term was also introduced to prevent
the attention heads from learning the same information [10].
In [11], the idea is further extended to the frequency axis. In-
stead of weighting the frames alone, the authors proposed to
weight both the frames and the frequency bins simultaneously.

Although attentive statistics pooling shows promising re-
sults, we believe that weighting frame-level features is not
enough to produce ideal speaker representation. We believe
that the statistics pooling layer needs to produce a good sta-
tistical summary of the frame-level features. However, means
and standard deviations are limited statistics for summarizing a
distribution. Because mixture models are more powerful mod-
els to capture the underlying distribution, we propose to incor-
porate mixture representation into the statistics pooling layer.
Although the attention mechanism in [10] can produce multiple
means and standard deviations for an input sequence, it does
not produce a valid mixture representation. A valid mixture
model requires the probability mass sums to 1 across all mix-
ture assignments for the same input. There is no mechanism
in [10] to enforce this requirement. Therefore, the multiple at-
tention heads merely increase the number of parameters in the
network without producing a richer representation from a sta-
tistical point of view. Instead, our method explicitly uses an at-
tention mechanism to produce valid mixture assignments, from
which the means and standard deviations are computed just like
the M-step in Gaussian mixture models.

Work similar to ours was proposed in [12], where a dictio-
nary of centers are learned from data and the center assignments
are computed using the Euclidean distances between frame-
level features and the centers. There are two key differences
between our method and that of [12]. First, unlike [12], our
method does not explicitly use the centers to compute the as-
signments; instead, we use an attention mechanism to produce
mixture assignments. Because the score function in the atten-
tion mechanism is more general than Euclidean distances, our
method can have more desirable mixture assignments. Second,
the means and standard deviations are computed based on the
sufficient statistics as in the EM for GMMs, which makes our
multi-head attention to have a probabilistic interpretation.
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Model # of flops # of parameters

X-vector network 1.060G 4.319M
Wide x-vector network 3.740G 11.726M
Densenet121 0.959G 10.338M

Table 1: A summary of the number of parameters and the
number of floating-point operations in a forward pass of the
Densenet121, the x-vector network, and the wide x-vector net-
work for an input size of 40× 400.

2. Network Architectures
2.1. X-vector Architecture

The x-vector network consists of three parts: Frame-level
time delay neural networks (TDNNs), utterance-level fully-
connected (FC) layers, and a statistics pooling layer that bridges
the frame-level layers and utterance-level layers [5, 13]. A
TDNN is a special form of convolutional neural networks
(CNNs). It skips the computation at chosen temporal positions
while maintaining the same receptive field size as a CNN. A
statistics pooling layer concatenates the mean and standard de-
viation of the activations from the last convolutional layer. The
concatenated means and standard deviations are passed to two
FC layers. The network is trained to minimize the standard
cross-entropy loss. The network is trained using small chunks
of acoustic sequences derived from the original utterances. The
typical chunk length ranges from 200-ms to 400-ms. After the
network is trained, the embedding of each utterance is extracted
from the first affine layer after the statistics pooling layer. A
backend consisting of LDA and PLDA models is trained using
the embeddings as input [14].

2.2. Densenet Architecture for Speaker Embedding

Densenets are proposed in [15] for computer vision. A
Densenet comprises two block types, namely, dense block and
transition block. In a dense block, each layer is connected by
all the output from the previous layers. To prevent the number
of feature maps from growing excessively, a transition block is
introduced to reduce the feature map size. Suppose each con-
volutional layer produces k feature maps, then the l-th layer
inside the block has k0 + k × (l − 1) feature maps, where k0
is the number of channels in the input layer. The parameter
k is referred to as the growth rate. In this work, we used a
dense network composed of 1-dimensional convolution instead
of 2D convolution. We used the same statistics pooling layer as
that of the x-vector network. Because max-pooling and average
pooling do not work well in speaker recognition, we replaced
the max-pooling by stride 2 convolution layers. Table 2 shows
our network architecture. Table 1 summarizes the number of
parameters and the number of floating-point operations in a for-
ward pass for our Densenet121 and the x-vector network for an
input size of 40 × 400. We also compared our Densenet121
with a wide x-vector network in which the channel size in each
convolutional layer are doubled.

2.3. Additive Margin Softmax

Margin-based loss has been very successful in face recognition
and speaker recognition [16]. Additive margin loss enforces
a minimum margin m between the target class and non-target

classes:
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where W is a weight matrix (Wj is the j-th column of W) and
x is an embedding vector, both of which are normalized to have
unit length. s is a scaling constant.

3. Attention Mechanisms in Statistics
Pooling Layers

3.1. Statistics Pooling Layer

Given a sequence of frame-level features {ht}Tt=1, a statistics
pooling layer computes the mean µ and standard deviation σ
over {ht}Tt=1:
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where Diag(A) means the diagonal of A and the square root
is applied element-wise. The utterance-level representation x is
obtained by concatenating the mean and standard deviation:

x = CONCAT(µ,σ) (4)

3.2. Attentive Statistics Pooling

In [9, 10], the authors argued that each frame should not be
treated equally when computing the statistics for an input se-
quence. They proposed to use an attention mechanism to calcu-
lating the score(ht,v) for each frame, where v is an attention
vector and score(., .) is a score function. A score function pa-
rameterized by a single-layer neural network was used:

score(ht,v) = vTf(Wht + b), (5)

where f(.) is a non-linear activation function. The score is nor-
malized across frames using a softmax function:

αt =
exp (score(ht,v))∑T
t=1 exp (score(ht,v))

. (6)

The normalized scores are used to weight each frame:

µ =
T∑

t=1

αtht (7)

σ =

√√√√Diag

(
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αthth
T
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)
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The above procedure can be easily extended to multi-head
attention. Suppose each attention head k is parameterized by
vk, where k = 1, . . . ,K. Then the attention scores for each
head can be written as:

score(ht,vk) = vT
kf(Wht + b), (9)
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Layers Output Size DenseNet-121

Convolution 400× 40 conv 3

Dense Block (1) 400× 80

[
conv 1

conv 3

]
× 6

Transition Layer (1) 200× 320 conv 2 stride 2

Dense Block (2) 200× 320

[
conv 1

conv 3

]
× 12

Transition Layer (2) 100× 640 conv 2 stride 2

Dense Block (3) 100× 640

[
conv 1

conv 3

]
× 24

Transition Layer (3) 50× 1280 conv 2 stride 2

Dense Block (4) 50× 1280

[
conv 1

conv 3

]
× 16

Stats-pooling Layer 50× 2560 -
FC 1 2560× 256 Linear

Classification Layer 1 256× # of classes AM-Softmax

Table 2: Densenet architecture for speaker embedding. The growth rate for the networks is 40. Note that each “conv” layer shown in
the table corresponds to the sequence BN-ReLU-Conv.

where vk is the attention vector for head k. The normalized
scores are obtained by:

αt,k =
exp (score(ht,vk))∑T
t=1 exp (score(ht,vk))

. (10)

The normalized scores are used to weight the frame-level fea-
tures:

µk =
T∑

t=1

αt,kht (11)
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)
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The utterance-level representation x is obtained by concatenat-
ing the means and standard deviations from all attention heads:

x = CONCAT (µ1,σ1, . . . ,µK ,σK) . (13)

3.3. Statistics Pooling with Mixture Representation

Even with multiple attention heads, the attention mechanism
in [9,10] can not produce valid mixture representations. A valid
mixture model requires the probability mass sums to 1 across all
mixture assignments for the same input. There is no mechanism
in [10] to enforce this requirement. Therefore, the multiple at-
tention heads merely increase the number of parameters of the
network without producing a richer representation from a sta-
tistical point of view. We propose a novel attention mechanism
inspired by the Gaussian mixture model that can produce rich
mixture representations.

Gaussian mixture models (GMMs), which are exemplified
by the GMM-HMM in ASR and the i-vectors in speak recogni-
tion [1], are very popular in the speech community to model
complex distributions. A GMM is typically trained by the
EM algorithm that alternates between the E-step and the M-
step [17]. Assume that the mixture assignments of frame ht are
αt,k, where k = 1, . . . ,K; then the parameters of each mixture

component can be computed by:
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The attention scores are still produced by the score function in
Eq. 9. However, the scores are normalized across the attention
heads:

αt,k =
exp (score(ht,vk))∑K
k=1 exp (score(ht,vk))

. (17)

The normalized scores are used to compute the means and stan-
dard deviations as in Eqs. 14–16. We refer to this statistics pool-
ing method as mixture representation pooling (MRP) in the rest
of the paper.

4. Experiments
4.1. Data Preparation

The training data includes the VoxCeleb1 development set and
the VoxCeleb2 development set [18, 19]. We followed the data
augmentation strategy in the Kaldi SRE16 receipt. The train-
ing data were augmented by adding noise, music, reverb, and
babble to the original speech files in the datasets. After filtering
out the utterances shorter than 400-ms and the speakers with
less than 8 utterances, we are left with 7,302 speakers. We used
the filter-bank feature implemented in Kaldi. We used a frame
length of 25ms. The number of mel-scale filters is 40 and the
lower and upper cutoff frequencies covered by the triangular
filters are 20Hz and 7,600Hz respectively. Mean normalization
was applied to the filter-bank features using a 3-second sliding
window. Non-speech frames were removed by Kaldi’s energy-
based voice activity detector.
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VoxCeleb1 VOiCES19-dev VOiCES19-eval
Model Pooling Method EER(%) minDCF EER(%) minDCF EER(%) minDCF

X-vector network Mean & STD 2.14 0.197 2.66 0.300 6.98 0.520
Wide x-vector network Mean & STD 2.03 0.219 2.65 0.294 6.62 0.503
Densenet121 Mean & STD 1.37 0.156 1.53 0.222 5.53 0.415
Densenet121 ASP 1.22 0.150 1.84 0.197 5.20 0.402
Densenet121 MRP 1.10 0.131 1.65 0.184 4.77 0.390

Table 3: Systems performance on VoxCeleb1, VOiCES19-dev, and VOiCES19-eval. For VoxCeleb1, we used cosine scoring. For
VOiCES19-dev and VOiCES19-eval, we used a PLDA backend.

EER(%) minDCF
# of Heads ASP MRP ASP MRP

1 5.20 5.53 0.402 0.415
2 5.50 4.86 0.428 0.397
3 5.69 4.77 0.442 0.390
4 5.77 5.20 0.453 0.404
5 6.00 5.73 0.430 0.413

Table 4: Performance of attentive statistics pooling (ASP) and
our proposed method (MRP) with different numbers of attention
heads using Densenet121.

4.2. DNN Training

We experimented with three different networks, namely, the
standard x-vector network as in [5], the wide x-vector network,
and Densenet121 as mentioned in Section 2.2. The networks
were trained using additive margin softmax with a margin of
0.35. The networks were optimized using stochastic gradi-
ent descent (SGD). For each mini-batch, we randomly selected
64 utterances from the training set and then randomly cropped
400-ms speech segments from these utterances. We define one
epoch as looping through 120,000 such segments. We trained
the networks for 320 epochs. The embedding dimension of x-
vectors and wide x-vectors are 512. The embedding dimension
of DenseNet-121 is 256. The learning rate was set to 0.005 and
was divided by 10 at Epoch 80, Epoch 120 , and Epoch 160. All
networks were implemented in PyTorch [20].

4.3. Backend Training

We used a standard backend comprised of linear discriminant
analysis (LDA), length-normalization, and probabilistic linear
discriminant analysis (PLDA). We concatenated speech from
the same video session in VoxCeleb1 and VoxCeleb2. These
concatenated speech segments were used to train LDA and
PLDA models. We used adaptive score normalization [21] in
all systems.

4.4. Evaluation

We evaluated the performance of various statistics pooling
methods on the VoxCeleb1 test set, VOiCES19 development
set, and VOiCES19 evaluation set [22]. We report results in
terms of equal error rate (EER) and minimum cost function
(DCF) with Ptarget = 0.01.
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Figure 1: Line plots showing the EER of attentive statistics
pooling (ASP) and the proposed mixture representation pool-
ing (MRP) with different numbers of attention heads.

5. Results
5.1. Performance Comparison

We compared the proposed mixture representation pooling
(MRP) with the attentive statistics pooling (ASP) and the vanilla
single mean and standard deviation pooling. To make a fair
comparison with vanilla single mean and standard deviation
pooling, we fixed the dimension of the concatenated means and
standard deviations in Eq. 13. In other words, increasing the
number of attention heads would reduce the dimensionality of
the individual mean and standard deviation vectors.

The first three rows of Table 3 show the results of the x-
vector network, the wide x-vector network, and Densenet121.
Our Densenet121 outperforms the x-vector network and
the wide x-vector network significantly. For VoxCeleb1,
Densenet121 almost reduces the EER by half when compared
with the x-vector network. What’s more, our Densenet121 re-
quires even lower flops than the x-vector network, as shown in
Table 1. Although the wide x-vector network has more param-
eters than Densenet121 and the x-vector network, the former
only has very small performance gain over the x-vector net-
work, which suggests that increasing the depth is more bene-
ficial than increasing the number of channels.

The last two rows of Table 3 show the results of our
Densenet121 with attentive statistics pooling and the proposed
method, respectively. The numbers of heads was set to 1 and 3,
respectively, as these hyper-parameters lead to the best perfor-
mance in the two systems. The proposed method outperforms
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the attentive statistics pooling in all of the experiments.

5.2. Effect of the Number of Heads

We investigated the effect of the number of attention heads on
speaker verification performance. We fixed the dimension of
the concatenated means and standard deviations in Eq. 13 to
prevent the model from gaining the benefit of having more pa-
rameters. The results are shown in Table 4. MRP with number
of heads equal to 1 is just the vanilla mean and standard devia-
tion pooling. As can be observed from Table 4, the number of
heads influences the performance quite significantly. Actually,
attentive statistics pooling with 5 heads performs even worse
than without any attention. The performance of the proposed
method degrades when the number of heads increases beyond
3, but it is still better than the vanilla single mean and standard
deviation pooling.

6. Conclusion
In this paper, we proposed a new way of performing statistics
pooling for deep speaker embedding. Our method is inspired by
Gaussian mixture models and attention mechanisms. We intro-
duce the concept of mixture representations into statistics pool-
ing by using multi-head attention in a novel way. The experi-
mental results show that our mixture representation pooling is
more effective than the previously proposed attentive statistics
pooling. More importantly, the proposed method is less prone
to overfitting when the number of heads increases. In future
work, we will explore how to regularize the attention mecha-
nism when the number of the attention heads increases further.
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