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Abstract
In this paper, we propose ACA-Net, a lightweight, global
context-aware speaker embedding extractor for Speaker Veri-
fication (SV) that improves upon existing work by using Asym-
metric Cross Attention (ACA) to replace temporal pooling.
ACA is able to distill large, variable-length sequences into
small, fixed-sized latents by attending a small query to large
key and value matrices. In ACA-Net, we build a Multi-Layer
Aggregation (MLA) block using ACA to generate fixed-sized
identity vectors from variable-length inputs. Through global at-
tention, ACA-Net acts as an efficient global feature extractor
that adapts to temporal variability unlike existing SV models
that apply a fixed function for pooling over the temporal di-
mension which may obscure information about the signal’s non-
stationary temporal variability. Our experiments on the WSJ0-
1talker show ACA-Net outperforms a strong baseline by 5%
relative improvement in EER using only 1/5 of the parameters.
Index Terms: Speaker Verification, Asymmetric Cross Atten-
tion, Lightweight

1. Introduction
Speaker Verification (SV) is the task of determining if a given
speech segment belongs to a claimed enrolled speaker. This
task is typically achieved by the comparison of fixed-length
speaker embeddings computed from variable-length utterances.
For speaker verification, a speaker embedding extractor must
produce close embeddings for different utterances of the same
speaker, and distant embeddings for utterances from different
speakers. In addition, speaker embeddings can also be used
in other speech domains such as speaker diarization [1] and
speaker extraction [2] to create a speaker targeted frontend to
ASR models like [3, 4] or for keyword spotting [5].

Temporal statistics pooling [6, 7, 8] is commonly used by
embedding extraction networks in SV models to handle variable
input lengths. Temporal statistics pooling refers to the channel-
wise pooling of a model’s embedding vector, commonly by tak-
ing the mean, max or standard deviation of all time steps in that
channel, to obtain a single representative value for that channel.
However, depending on the statistics used, the pooling method
may obscure variability across time steps that may be impor-
tant in discriminating between speakers. Additionally, statis-
tics pooling assumes that the speech signal has statistical prop-
erties that remain stationary over time, which may not always
hold true. Recent models such as RawNet3 [9], LargeResNet-
MagFace [10], MFA-Conformer [11] and ECAPA-TDNN [12]
have used context-aware or attentive statistics pooling [13] to
vary the weight of each time-step during the pooling operation.

Besides temporal pooling, it has been shown that embed-
ding extractors benefit from having global information even

Figure 1: Overall architecture of ACA-Net. The model consists
of a single 1x1 TDNN block, followed by the Multi-Layer Aggre-
gation (MLA) block. The details of the MLA block are shown in
the bottom part of the figure. The MLA block accepts a Latent
and Features (Feats) as inputs and outputs a new Latent vector.
The Features remain unchanged by the block. The ACA- and
Latent-Sub-Blocks (Sub-B) are detailed in Figure 3.

while modeling the local features in each time step [11].
For fully convolutional models, the Squeeze-and-Excitation
layer [14] in the commonly used Res2Net block [15] was used
to bring global information into the model. More recently, the
transformer architecture was used to encode global information
in MFA-Conformer [11]. Elsewhere, transformers [16] have
also been applied successfully in many speech applications such
as speech separation [17], and speech enhancement [18]. Nev-
ertheless, a drawback of using transformers is the high cost of
computing self-attention over large matrices.

Here we propose ACA-Net, as shown in Figure 1, which
uses Asymmetric Cross Attention (ACA) [19, 20] to avoid the
high computational cost of self-attention while eliminating the
need for temporal pooling. ACA computes attention between a
small latent query and a large feature sequence as the key and
value matrices, shown in Figure 2. This distils the temporal
dimension of the feature input down to the embedding dimen-
sion. ACA-Net is thus a lightweight, computationally efficient
model with strong global context modeling which can capture
more fine-grained information about the speech signal [17] and
provides better discrimination between speakers [11]. The ob-
tained latent is then refined through Multi-Layer Aggregation
(MLA) over multiple self-attention sub-blocks, further enhanc-
ing speaker verification performance. Experiments on WSJ0-
1talker [2] show that the proposed ACA-Net surpasses strong
baselines such as ECAPA-TDNN [12] and RawNet3 [9] while
using only 1/5 of the parameters.
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Figure 2: Illustration of Asymmetric Cross Attention (ACA). Ap-
plying the (QKT )V series of matrix multiplications (MatMul)
in the attention operation using a fixed-sized Query (Q) with
variable length Key (K) and Values (V) always results in an out-
put of the same dimensions as Q.

While ACA-based methods have recently been used in a
variety of domains, including natural language processing [21,
22], remote sensing [23], image-text matching [24] and most
notably in the Perceiver class of neural networks [20, 25, 26,
27], to our knowledge ACA-Net is the first speaker embedding
extractor to use ACA instead of the temporal pooling methods
commonly used in current SV models.

2. Methodology
The overall architecture of the proposed ACA-Net1 is shown in
Figure 1. The model accepts audio input processed through a
filterbank and consists of a single TDNN block followed by the
Multi-Layer Aggregation (MLA) Block and a final 1x1 convo-
lution used to reduce the channel dimension back to 1 for the
final embedding.

2.1. TDNN Block

The TDNN block used after the filterbank layer follows the im-
plementation of [12] in [28]. The TDNN block in ACA-Net
consists of a single depth-wise 1D Convolutional layer, fol-
lowed by ReLU activation and 1D batch normalization. The
purpose of this block is to serve as a further feature extractor to
decouple the number of filterbanks from the input channels to
the MLA block.

2.2. Asymmetric Cross Attention

The ACA sub-block shown in Figure 3 makes use of the stan-
dard Multi-Head Attention (MHA) as per Pytorch, which can
be defined as follows:

MultiHead(Q,K, V ) = Concat(head1, . . . headh)WO

headi = Attention(QWQ
i ,KWK

i , V WV
i )

Attention(Q,K, V ) = softmax(
QKT

√
d

)V

(1)
where d denotes the number of channels and Q, K, V denote
the Query, Key and Value of the MHA respectively. WQ

i , WK
i ,

WV
i ,WO

i are the projection parameter matrices.
The standard transformer makes use of MHA where Q ∈

RC×T , K ∈ RC×T and V ∈ RC×T , whereas ACA uses a Q ∈
RC×E where E ≪ T . Furthermore, E is the embedding size
which is a fixed hyperparameter while T is the time dimension
which is variable. C represents the number of channels. While
the output of MHSA will be RC×T the output of ACA will be
RC×E , which is a much smaller latent vector. Importantly, the
dimensions of the ACA output will be independent of T .

1The model is available at github.com/Yip-Jia-Qi/ACA-Net

2.3. ACA and Latent Sub-Blocks

As shown in Figure 3, the ACA sub-block and the latent sub-
block share the same block architecture. The key difference be-
tween the sub-blocks is the dimensions of the K and V inputs.
The Q, K and V for the latent sub-block are the latent produced
by the ACA sub-block. The K and V for the ACA sub-block
is the feature sequence while Q comes from random initializa-
tion. Additionally, for the ACA sub-block, sinusoidal positional
encoding is added to the feature sequence before being passed
into the MHA layer.

When given Feature input of dimensions RC×T the ACA
sub-block reduces the time dimension to the embedding size
resulting in an output of RC×E . Meanwhile, since the latent
sub-block performs self-attention on the latent, it results in no
change in dimensions to the latent of RC×E .

2.4. The MLA Block

The MLA block as shown at the bottom of Figure 1 repre-
sents our key contribution. It consists of a single ACA sub-
block (ACA-Sub-B) followed by a variable number of latent
sub-blocks. Both blocks share the same design shown in Fig-
ure 3. Finally, the concatenated outputs of the latent sub-blocks
are passed into a depth-wise 1D convolution and batch normal-
ization layer.

Latentinit ∼ N (µ, σ2)

Latent
′
= ACA-Sub-B(Latentinit, F eatures)

Latent
′′
= MLA(Latent

′
)

Latentout = ReLU(Conv1D(Latent
′′
))

(2)

where N denotes a truncated normal distribution with mean of
µ and standard deviation of σ2. Latent ∈ RC×E is randomly
initialised and Features ∈ RC×T refers to the output from the
TDNN block.

The purpose of the ACA sub-block is to compute an ini-
tial latent while the latent sub-block (Latent-Sub-B) refines the
latent. The latent is refined through MLA, where the latent vec-
tor is passed through multiple latent sub-blocks, with the out-
put of each latent sub-block aggregated by concatenation along
the channel dimension and passed through a depth-wise con-
volution at the end to return the channel dimension back to its
original size. MLA can be described as follows:

MLA(L) = Conv1D(Concat(Layer1, . . . Layerj))
for Layerj+1 = Latent-Sub-B(Layerj)

(3)

where L = Layer0 ∈ RC×E and j denotes the number of
latent sub-blocks.

This MLA is similar to the multi-scale feature aggregation
method employed in [11] and [12] although the latents are not
multi-scale since the ACA produces the latent using the full
global context, resulting in only a single scale.

3. Experiments
3.1. Dataset

For all experiments, we train and evaluate the models on the
WSJ0-1talker speaker verification dataset [2] which is drawn
from the WSJ0 corpus [29]. This dataset is designed to test
speaker verification performance for speaker embedding extrac-
tors to be used in speaker extraction systems such as [30], where
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Figure 3: Detailed view of the ACA- and Latent-Sub-Blocks within an MLA block represented as“ACA-Sub-B” and “Latent-Sub-B”
in the overall architecture of ACA-Net shown in Figure 1. ACA- and Latent-Sub-Blocks share the same architecture but differ in their
inputs to the Multi-head Attention (MHA) layer. The ACA sub-block passes a Latent into the Query (Q) and Features into the Key (K)
and Value (V) of the MHA while the Latent-Sub-Block performs self-attention on the same Latent vector.

a lightweight speaker embedding extractor like ACA-Net is im-
portant since the speaker embedding is auxiliary to the main
speech separation network. Speaker extraction is commonly
benchmarked on the WSJ0-2mix [31] dataset, which consists
of mixtures generated from the WSJ0 Corpus [29].

The WSJ0-1talker dataset [2] consists of 101 speaker train-
ing and development sets drawn from the “si tr s” collection
from the WSJ0 corpus [29] and a test set of 18 speakers drawn
from the“si dt 05” and “si et 05” collections. While the train-
ing (20,000 utterances) and development (5,000 utterances) sets
share speakers but have different utterances, the testing (3,000
utterances) set consists of 18 separate speakers unseen during
training. The verification pairs for testing are randomly selected
from the training set. All utterances were down-sampled from
48kHz to 8kHz.

3.2. Experimental Setup

All models were trained for 25 epochs using the Adam opti-
mizer [32] with a Cyclical Learning Rate Scheduler [33] with
a base learning rate of 10−7 and a maximum learning rate of
10−2. For larger models, we use a maximum learning rate of
10−3 for better stability. The batch size was set to 32 or re-
duced to 16 on larger models due to memory limitations. All
experiments were done on 1 GPU with 16GB RAM.

The loss function used for all model training was Addi-
tive Angular Margin (AAM), or ArcFace [34] with a margin
of 0.2 and a scale of 30. During Testing, use the Equal Er-
ror Rate (EER) metric and the minimum detection cost func-
tion (minDCF) metric to measure performance. The minDCF
metric is calculated with the hyperparameters Ptarget=0.01 and
Cfalsealarm = Cmiss=1. AAM, EER and minDCF functions
are implemented by the Speechbrain [28] training framework.

3.3. Model Hyperparameters

We train two baseline models, ECAPA-TDNN [12] and
RawNet3 [9], which have not previously been reported on the
WSJ0-1talker dataset, in addition to ACA-Net. All models have
been trained on the Speechbrain [28] framework.

ECAPA-TDNN. The ECAPA-TDNN model [12] is a recent
state-of-the-art model incorporating time-delay neural networks
(TDNN) and Multi-scale Feature Aggregation across three lay-
ers. We use the existing implementation of the ECAPA-TDNN
model included as part of the Speechbrain [28] framework. All
model hyperparameters are set per the defaults in Speechbrain.

RawNet3. To train the RawNet3 model we made minimal mod-
ifications to the code provided by the authors of [9] for it to
work in Speechbrain. We train two versions of the models by
adjusting the “C” hyperparameter which controls the number of
channels in the convolutional layers of the model. The original
model in [9] has C=1024 while we train a smaller version with
C=512 for a model that is closer in parameter size to ACA-Net.

ACA-Net. The base ACA-Net model consists of 1 MLA block
with 1 ACA sub-block and 3 latent sub-blocks. The embedding
size of the base ACA-Net model is 512. Throughout all exper-
iments, the dropout of the sub-blocks is set to 0.2, the channel
dimension is fixed at 256 with the size of all linear layers is set
to 1024. Input features are derived using a filter bank with 80
filters, a hop length of 10 and a window length of 25. Positional
Encoding is added to the features using a standard sinusoidal
positional encoding function. Where applicable, the initial la-
tent for ACA layers within the ACA sub-blocks were initialized
according to a truncated normal distribution with mean 0, stan-
dard deviation 0.02, and truncation bounds [-2, 2]

Table 1: Performance comparison of ACA-Net against other
popular SV models on the WSJ0-1talker verification test set.
Number of parameters for the model are reported where avail-
able. SV-T and RawNet3 are time domain models while the rest
operate in the frequency domain.

Model Params
(M)

EER↓
(%)

minDCF↓

x-vector [35] - 5.87 0.69
SV-T [2] - 4.40 0.45
SV-F [2] - 4.37 0.42
RawNet3 (C=512) [9] 6.5 3.94 0.38
RawNet3 (C=1024) [9] 16.3 3.46 0.38
ECAPA-TDNN [12] 20.8 2.99 0.32
SV-FA [2] - 2.90 0.36

ACA-Net 3.6 2.85 0.31

3.4. Experimental Results

In Table 1 we report the verification performance of ACA-Net
on the WSJ0-1talker dataset compared with two reimplemented
baselines ECAPA-TDNN and RawNet3. Additionally, we also
compare the results against existing baselines, x-vector PLDA,
SV-T, SV-F, and SV-FA reported in [2], although the number of
parameters for the existing baselines was not reported.
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Based on the WSJ0-1talker dataset as shown in Table 1,
ACA-Net achieves the lowest EER and minDCF out of all the
models while using only 1/5 of the parameters of ECAPA-
TDNN and RawNet3. Except for ACA-Net, all baseline mod-
els make use of some sort of temporal pooling method. The
x-vector model, an older model from 2018 [6], unsurprisingly
performs the worst without the benefit of recent innovations.
When comparing the results of SV-T with SV-F as well as the
results of ECAPA-TDNN and SV-FA with RawNet3, we find
that the frequency domain approaches have an advantage over
time domain models. This aligns with findings in [9]. Addition-
ally, the result that the 512-channel version of RawNet3 with
fewer parameters performs more poorly than the 1024-channel
version suggests that the poorer performance of the larger base-
line models, ECAPA-TDNN and RawNet3, is not simply due to
the large models overfitting on the WSJ0-1talker dataset.

3.5. Ablation Study

We conduct an ablation study on various components of the de-
sign of ACA-Net to show their contribution to the performance
of the model in Table 2. In the subtractive ablation experiments,
we remove the concatenation step of the MLA block, leaving
the output of the last latent sub-block to be passed through a
depth-wise convolution with no change in dimension. We also
experimented with removing the positional encoding of the fea-
tures before the ACA sub-block as well as removing latent sub-
block from the MLA block. In the additive ablation experi-
ments, we used weight sharing across the 3 latent sub-blocks.

The drop in performance after the removal of MLA and la-
tent sub-blocks validates the importance of these design features
in the model. Since the model relies on attention, performance
falls when the positional encoding of the features is removed be-
cause information about the relative positions of the input fea-
tures is lost. The relative position of input features is important
because speaker identity is determined through speech patterns
that are only identifiable if they occur in sequence. Weight shar-
ing across the latent sub-blocks, turns the latent refinement into
a recursive processes, resulting in a 40% reduction in parameter
size. While this is accompanied by a drop in performance, we
note that this smaller model still achieves EER on par with the
1024-channel RawNet3 model from Table1.

Table 2: Ablation study of ACA-Net with the decomposition
of different components in terms of parameter sizes, EER and
minDCF, respectively.

Model Param
(M)

EER↓
(%)

minDCF↓

ACA-Net 3.6 2.85 0.31

- MLA 3.3 3.90 0.24
- Latent-Sub-Blocks 3.6 4.68 0.42
- Positional Encoding 3.6 4.68 0.47

+ weight sharing 2.0 3.46 0.45

Next, we conduct a series of ablation experiments on var-
ious model dimensions of the base ACA-Net. Specifically, we
experiment with changing the number of latent sub-blocks (Fig-
ure 4) to determine if more latent sub-blocks can result in better
performance and embedding size (Table 3) to determine if giv-
ing the model more space to place speakers can help it better
differentiate speakers.

Figure 4: Ablation Study over a number of latent sub-blocks in
the base ACA-Net. Increasing the number of blocks increases
the depth of the model.

Based on the results shown in Figure 4, the number of latent
sub-blocks for ACA-Net seems to be optimal at 3 sub-blocks,
with significantly worse performance observed beyond 3 sub-
blocks. One possibility is that after the 3rd sub-block, the ad-
ditional parameters introduced do not contribute to the further
refinement of the latent as there are now a too many layers be-
tween these deeper sub-blocks and the original features distilled
by the ACA sub-block.

Table 3: Verification performance of ACA-Net with different em-
bedding sizes (i.e., E = 256, 512, 1024). Embedding size de-
termines the length of the vector used by the model to discrimi-
nate between speakers during speaker verification.

Model EER↓
(%)

minDCF↓

ACA-Net (E=256) 5.16 0.32
ACA-Net (E=512) 2.85 0.31
ACA-Net (E=1024) 4.96 0.49

In SV, is has been shown that embedding dimension size
is an important hyperparameter since it determines the volume
of high-dimensional space available in the vector used to dis-
criminate between speakers [36]. Increasing embedding vector
size could improve discriminability by increasing the volume of
space available for the model to encode speakers, however, hav-
ing a space that is too large could also result in utterances from
the same speaker being wrongly separated [36]. We see this ef-
fect in Table 3 where embedding sizes larger and smaller than
the 512 used by the base ACA-Net result in worse performance.

4. Conclusion
Here we presented ACA-Net, a lightweight speaker embedding
extractor for SV. ACA-Net is the first model to apply ACA to
SV and achieves impressive performance by replacing temporal
pooling with global feature extraction through attention. On the
WSJ0-1talker dataset, ACA-Net outperforms strong baselines,
ECAPA-TDNN and RawNet3, on both EER and minDCF, de-
spite using only 1/5 of the parameters. Overall, our experiments
highlight the potential of ACA as an alternative to typical tem-
poral pooling methods.
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