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ABSTRACT

Automated speaker identification (SID) is a crucial step for the per-
sonalization of a wide range of speech-enabled services. Typical SID
systems use a symmetric enrollment-verification framework with a
single model to derive embeddings both offline for voice profiles
extracted from enrollment utterances, and online from runtime utter-
ances. Due to the distinct circumstances of enrollment and runtime,
such as different computation and latency constraints, several appli-
cations would benefit from an asymmetric enrollment-verification
framework that uses different models for enrollment and runtime
embedding generation. To support this asymmetric SID where each
of the two models can be updated independently, we propose using a
lightweight neural network to map the embeddings from the two in-
dependent models to a shared speaker embedding space. Our results
show that this approach significantly outperforms cosine scoring in
a shared speaker logit space for models that were trained with a con-
trastive loss on large datasets with many speaker identities. This pro-
posed Neural Embedding Speaker Space Alignment (NESSA) com-
bined with an asymmetric update of only one of the models deliv-
ers at least 60% of the performance gain achieved by updating both
models in the standard symmetric SID approach.

Index Terms— Speaker verification, embedding space align-
ment, asymmetric speaker recognition

1. INTRODUCTION

Speaker Identification (SID) systems are developed to recognize
speakers by comparing their distinctive vocal characteristics. Cur-
rent online SID systems extract speaker embeddings in real-time
fashion from the incoming audio streams and perform speaker iden-
tification by comparing these embeddings against existing voice
profiles [1, 2, 3]. The voice profiles are created by averaging the
embeddings across the registered utterances for each speaker. These
systems utilize the same speaker embedding extractor during both
the enrollment and verification stage. In the remainder of this paper,
we will refer to this approach as the standard symmetric enrollment-
verification framework. However, recent research [4] has shed light
on the potential of using different SID models for generating embed-
dings in each stage. This approach is referred to as an asymmetric
enrollment-verification framework. It eliminates the need to use the
same model during the distinct stages of enrollment and verification
and it leads to many potential practical applications. The key idea is
to use embedding space alignment to reduce the mismatch between
embedding spaces originating from different SID models to enable
direct embedding comparison.

This alignment opens up a range of potential applications. For
example, Li et al. [4] proposed to use asymmetric SID involving
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a larger model for generating embeddings during enrollment and
a smaller model for embedding extraction from the runtime audio
streams. During enrollment, a computationally intensive and non-
causal model can be used to extract high-quality voice profiles, while
the runtime model should exhibit minimal latency and computational
cost. Another pertinent application involves an industry-specific
challenge. To comprehensively validate SID model performance in
the real world and to compare the impact of different SID models,
extensive A/B [5] or A/B/n tests become a fundamental part of the
evaluation pipeline. However, each candidate model in the standard
symmetric enrollment-verification framework will require an up-
dated voice profile for a vast set of enrolled speakers. This poses a
scaling issue when multiple model candidates are tested in parallel.
This standard A/B/n test setup will also result in computation wasted
on the creation of new voice profiles when some model candidates
are eventually not being used. To overcome these inefficiencies,
speaker embedding space alignment enables us to utilize the read-
ily available voice profiles and to make them compatible with the
candidate models, instead of creating new voice profiles for each
candidate model. Moreover, SID model updates would potentially
impact downstream applications that rely on the generated speaker
embeddings to provide extra speaker identity context. Embedding
alignment would provide a path to updating the SID models, with-
out significantly impacting the downstream applications by feeding
those dependent systems the embeddings that have been aligned
back to the original speaker embedding space.

Prior work in the speaker verification domain utilized a shared
speaker logit score space to combine embeddings from different
models to create a high-performing system ensemble [6, 7, 8]. This
alignment depends on utterance-based score vectors containing the
speaker similarity score against every individual training speaker in
a large shared dataset that was used to train every individual sys-
tem in the ensemble with a softmax-based classification loss. Even
though the speaker logit score vectors can be produced by different
SID systems, these score vectors can be directly compared through
cosine similarity scoring, as the training speaker set is identical
across the systems. In certain cases, cosine scoring in the speaker
logit space can outperform cosine scoring in the speaker embed-
ding space. It has also been shown that system fusion in this logit
space outperformed the more standard score fusion [7, 8]. However,
the effectiveness of this scoring method remains uncertain when
the SID models are trained with training objectives other than the
typical softmax-based classification loss [9]. Classification-based
loss functions are typically avoided when the number of training
speakers becomes unmanageable for the classification head; in those
cases one typically relies instead on scalable contrastive loss vari-
ants [10, 2, 3]. In another related study [4], an auxiliary loss was
introduced to align speaker embedding spaces for various mod-
els during the training process. In [11], researchers proposed to



use knowledge distillation to transfer the knowledge from a teacher
model to a student model. While these methods alter the speaker em-
bedding spaces to be aligned, they limit the flexibility of developing
a new runtime and/or enrollment speaker embedding extractor com-
pletely independent from each other, since the alignment happens
during training of the embedding extractor.

To account for the diversity of possible SID models and to al-
low for the models to be trained independently, we propose a flex-
ible and lightweight Neural Embedding Speaker Space Alignment
(NESSA) backend to align the speaker embeddings between frozen
enrollment and runtime embedding extractors. In the context of
datasets with a very large numbers of speakers, our results showed
that speaker-logit-based alignment did not yield satisfactory results
in the asymmetric enrollment-verification framework when the mod-
els were trained with different training objectives, speaker sets, and
model structures. NESSA on the other hand performed significantly
better and can in certain scenarios completely close the performance
gap when compared to a more costly update of both models in the
standard symmetric enrollment-verification framework.

2. EFFICIENT EMBEDDING SPACE ALIGNMENT

2.1. Problem statement

Consider two independently trained SID models denoted as model
X and Y, and corresponding speaker embedding spaces Ex and Ey-,
respectively. The goal is to conduct asymmetric speaker verifica-
tion given the enrollment embeddings in Ex and the runtime em-
beddings in Ey. Since X and Y are trained with different config-
urations or model architectures, for the various reasons described
in Section 1, Ex and Ey are mismatched. The immediate task
is to develop a space alignment approach that enables performant
scoring in the asymmetric framework, without degrading the per-
formance compared to the single-model symmetric system with the
worst-performing model and to close the performance gap compared
to the symmetric approach with the best-performing model.

2.2. Speaker-logit-based embedding space alignment

Speaker verification in the speaker logit space involves cosine scor-
ing between score vectors that express the speaker similarity of an
utterance against every individual speaker within a predefined set of
speakers. These speaker similarities are typically estimated on the
speakers that were used to train the embedding extractor. Thus, the
embeddings of different model versions can be made compatible by
calculating a lightweight mapping between the different speaker em-
bedding spaces to the speaker logit score vectors based on a shared
pool of training speakers [6, 7, 8]. When both systems are trained
with a classification-based loss, the speaker logits 1 refer to the high-
dimensional last layer output of the model that is used as input for the
softmax-based classification loss. They are computed as 1 = Wr,
where r is the speaker embedding, and W is the classification weight
matrix with shape (N x d) that defines the classification head. N
and d denote the number of speakers in the training set and the em-
bedding dimension, respectively. The final classification layer does
not typically include a bias term [9].

However, models that are trained with other training criteria
such as contrastive losses [2] or binary cross entropy [10] do not
have such a classification weight matrix. To enable speaker logit
scoring in this case, we construct a classification weight matrix post-
training using voice profiles: W = [e1; ez;...;en]”. Voice profile
e; indicates the length-normalized average enrollment embedding
for speaker 4, and NV is the number of selected speakers to construct
W. We perform speaker verification using cosine similarity scor-

ing s. for different models in the speaker logit space as follows:
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where 1. and 1, are the speaker logit score vectors for the enrollment
profile and runtime embedding, respectively. Matrices W x, Wy
represent the classification weights using a shared set of speakers
for models X and Y. Embedding ex is the enrollment voice profile
generated by model X and ry is the runtime speaker embedding
extracted by model Y.

To make this scoring approach more efficient, we used the
Cholesky decomposition and the fusion approach as described in [6]:
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where W = [W x; Wy| with shape N x 2d, &% = [e%;0], and
7 = [0;rT]. M is an upper triangular matrix with dimensions
2d x 2d such that MM = WTW. This approach allows for
efficient speaker logit scoring that does not negatively scale with the
number of training speakers /N in W during inference.

2.3. Neural Embedding Speaker Space Alignment

Instead of performing the speaker similarity scoring in a shared
speaker logit space, we propose to use a Neural Embedding Speaker
Space Alignment (NESSA) that employs a lightweight DNN %
to enable accurate cosine similarity scoring in the asymmetric
enrollment-verification framework. In contrast to the approach
of jointly training both models in the asymmetric framework as
proposed in [4], our proposal involves computing this space align-
ment after the training of each individual model. As before, we
assume that the length-normalized enrollment voice profile e from
speaker 4 is produced by model X, and the length normalized run-
time embedding rj, from speaker j is generated by model Y. We
explore three different approaches to train NESSA:

Scoring in embedding space X (.#): In this approach, we use the
embedding space of model X as a reference space, and train a space
aligner .% to map runtime embeddings ry to model space X, so as
to perform the verification in that embedding space. The training
objective is:
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where we use the mean squared error (MSE) as the training objec-
tive and N is the number of embeddings in each minibatch. During
evaluation, we will perform cosine scoring between voice profile e x
and runtime embedding .Z (ry ) in embedding space X.

Scoring in embedding space Y (.#>): Alternatively, we can per-
form this mapping the other way around by mapping the enrollment
embeddings from space X to space Y, using loss

N
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We then perform verification between .% (e x ) and ry in embedding
space Y. An advantage of this approach is that the mapping of enroll-
ment embeddings can be performed offline, which would completely
eliminate the impact of NESSA on runtime latency.

Boosting NESSA with contrastive learning (.#3): The original
embedding spaces X or ¥ might not be the most suited spaces to
compare the embeddings between two very different SID models.
To further increase the impact of NESSA, we propose to adapt both
the enrollment and runtime embeddings simultaneously to a new em-
bedding space with two DNNs .#; and .%#; respectively. We intro-
duce an additional contrastive loss term as in [4] to make this new
embedding space suitable for speaker verification purposes. As the
NESSA backend will typically be trained on smaller datasets com-
pared to the training dataset of the embedding extractors, we will
still anchor the new embedding space to the embedding space of the
best-performing model (here assumed to be model Y) using MSE
loss terms for both enrollment and runtime embeddings similar to
Eq. (2). The final loss function is defined as follows:

N w-se(F1(ek), F2(ry))

L =— ozi Z log = T
N p ZN‘FM ew-sc(kgl(eg(),kgg(rg,))

J

N
. o
+9 SOMSE(Fa(ry), ri) )

where «, 3,y are scalars to control the importance of the loss func-
tion terms and w is a trainable parameter to rescale the range of
cosine similarity s.. We will set a relatively low value for ~ as the
corresponding loss term acts as a regularization penalty and does not
help with learning a proper alignment between embedding spaces.
Previous studies [12] showed that increasing the number of negative
samples in contrastive learning leads to more discriminative repre-
sentations. We increase the original number of negative samples in
the contrastive loss term (limited by the batch size N) by adding M
additional distinct voice profiles.

3. EXPERIMENTAL SETUP
3.1. Enabling quick A/B tests without voice profile updates

We will use A/B testing as a case study. We will assume that candi-
date model Y outperforms the reference model X during offline eval-
uation. We have the existing voice profiles generated by model X and
we want to enable cosine scoring with runtime embeddings extracted
by the better model Y against the existing voice profiles through em-
bedding alignment, instead of updating the voice profiles.

3.2. Datasets for embedding alignment and SID evaluation

Training and evaluation is conducted on de-identified voice assistant
speech data with consent of the speakers. To construct the training
dataset for embedding space alignment, we apply an existing speaker
recognition model to the data and build positive speaker/utterance
pairs based on high speaker similarity scores. This process results in
a dataset with 200K speakers including both enrollment and runtime
utterances. Within the training dataset, instances from 10% of the
speakers serve as validation data for model selection and hyperpa-
rameter tuning. The dataset for evaluating the SID systems is con-
structed by first randomly sampling de-identified utterances. The
sampled utterances, together with the enrollment data of speakers
associated with the same group of speakers, are compared by multi-
ple annotators to create the speaker labels. We only keep utterances

with consistent annotation labels. To evaluate the generalization ca-
pability of the trained models there is no group overlap between the
training datasets and the evaluation data, but the alignment training
dataset and evaluation datasets are sampled from the same in-domain
distribution.

3.3. Asymmetric SID systems

To assess the effectiveness of the space alignment methods for vary-
ing performance progress, we select four SID models to construct
two main asymmetric SID systems. The SID systems employ a
multi-layer LSTM architecture [13, 2] with projection layers. Each
LSTM layer has 1200 nodes, and 400 nodes in the projection layer.
The output speaker embedding size is 400. The acoustic input fea-
tures are 40-dimensional log Mel-filter bank energies with a Ham-
ming window of 25 ms and a step size of 10 ms for all models. These
features are passed through an energy-based voice activity detection
module to remove the non-speech frames. The four models are:

* GE2E: A 3-layer LSTM architecture trained using the
generalized-end-to-end (GE2E) loss in the default configura-
tion from [2]. It was trained on a large internal voice assistant
dataset, that is significantly larger than the embedding space
alignment training datasets.

* BCE: A 4-layer LSTM architecture trained with the binary
cross-entropy (BCE) loss [10] on a second large internal
dataset of the same scale as used for the GE2E model.

* SAcry: A model that uses a 3-layer LSTM architecture
trained with the GE2E loss on the space alignment (SA)
training dataset with early stopping.

* SApu: Similar to SAcqmy but trained until full convergence
and initialized with a different random seed.

We define two asymmetric SID systems, each uniquely defined by
their enrollment-verification model versions:

* GE2E/BCE enrollment-verification: The voice profiles are
extracted by the GE2E model, while the runtime embeddings
are generated by the BCE model. The goal is to evaluate
embedding space alignment when both models have similar
performance.

* SAcarty/SApau enrollment-verification: The voice profiles are
extracted by the SA ..y model, while the runtime embeddings
are generated by the SAzy model. The main goal is to evalu-
ate embedding space alignment when there is a large perfor-
mance gap between the two models.

3.4. Embedding space alignment configuration

The speaker logit alignment weight matrix W is constructed from
voice profiles generated by the enrollment embedding extractor for
a varying number of speakers in the alignment training dataset. For
example, Mk indicates we are using 1000 voice profiles to con-
struct W before executing the Cholesky decomposition.

The lightweight model architecture of NESSA is a 3-layer multi-
layer perceptron (MLP) with ReLU activations [14]; the hidden
size of the MLP is set to 800. The output embeddings are 400-
dimensional. Each model is trained for 50 epochs with 2000 training
steps per epoch; the batch size is set to 1024. We used the Adam [15]
optimizer with an initial learning rate of 103, with an exponential
learning rate decay with a ratio of 0.96 after every epoch. The
weights in the loss function for NESSA with contrastive learning
(AM3) are setto a = 1.0, 8 = 0.5,y = 0.1, w is initialized to 5.

4. RESULTS AND ANALYSIS

4.1. Baseline results for symmetric enrollment-verification
Baseline experiments involving a symmetric enrollment-verification
framework are shown in the top rows of Table 1. For all experiments



Table 1. Relative False Reject Rate (FRR) impact in % of symmetric and asymmetric speaker verification at different fixed False Accept Rate (FAR) target values on an in-house evaluation
dataset following the evaluation protocol described in [16]. Higher relative FRR impact is better and 0% impact indicates the baseline single-model symmetric systems.

Relative FRR impact @ target FAR (%) (1)

Relative FRR impact @ target FAR (%) (1)

Embedding Enroll t/Verification Enrollment/Verification
Alignment Approach Model @12.5%FAR @5.0%FAR @2.0%FAR Model @12.5%FAR @5.0%FAR @2.0%FAR
X GE2E/GE2E 0 0 0 SAcariy!SAcarty 0 0 0
X BCE/BCE 11.08 8.55 5.35 SAnu/SApn 63.62 62.67 58.75
speaker logits MQUUK GE2E/GE2E —198.92 —190.56 —198.15 SAcariy/SAcarty —36.75 —20.44 —13.65
speaker logits Magok BCE/BCE —163.24 —194.99 —198.15 SAnaul/SApn 21 26.19 25.05
speaker logits 1}7[11( GE2E/BCE —514.59 —497.2 —464.79 SA carty!SAfun —69.31 —70.51 —73.15
speaker logits MmK GE2E/BCE —517.03 —496.61 —458.56 SAcariy!S A —62.88 —65.79 —71.22
speaker logits Magok GE2E/BCE —504.86 —488.94 —461.19 SAcariy!/SAsun —64.19 —67.03 —72.38
NESSA .71 GE2E/BCE —1.35 —2.36 —-3.5 SAcariy!SAsu 6.94 4.26 4.62
NESSA 4> GE2E/BCE 5.95 4.13 1.46 SAcarty!S A 37.56 36.12 32.2
NESSA 5 (M = 50K) GE2E/BCE 11.35 11.5 7.3 SAcarty!/SApu 43.62 40.88 35.48

we will report the relative false reject rate (FRR) changes at fixed
target values of the false accept rate (FAR) [16] against GE2E and
SA.ary baselines. As expected asymmetric enrollment-verification
without embedding space alignment did not perform significantly
better than random scoring due to the mismatch of the embedding
spaces, hence these results are not included.

4.2. Speaker-logit-based embedding space alignment

We present the speaker-logit-based embedding space alignment in
the middle section of Table 1. Speaker logit alignment enhances the
results of the asymmetric framework compared to having no align-
ment at all. However, a six-fold FRR increase (around -500%) is
observed against a strong GE2E baseline. Additionally, increas-
ing the number of alignment speakers only improves the perfor-
mance marginally. Table 1 also includes symmetric GE2E/GE2E
and SAcariy/SAcarty speaker logit scoring. We observe that symmetric
speaker-logit scoring triples the FRR (around -200%) when com-
pared to the GE2E baseline that uses standard speaker embedding
scoring which somewhat contradicts previous studies [7, 6]. The
degradation for symmetric speaker logit scoring with SAcany is less
pronounced (-10% to -35%), indicating it is important that the em-
bedding extractors are trained on the same set of speakers as those
used for speaker logit scoring, which significantly limits the flexibil-
ity of the alignment method. Most likely this performance gap can
be further decreased by using classification-based losses to train the
embedding extractors as proposed in [7, 6], however these types of
losses cannot be directly applied to datasets with a large number of
speakers, due to scaling issues.

4.3. Neural Embedding Speaker Space Alignment

The results with NESSA are presented in the bottom part of Table 1.
We observe the following. First, all NESSA approaches perform
significantly better than the speaker logit scoring method, demon-
strating the effectiveness of training a post-training space embed-
ding aligner using neural network techniques. Second, .#> enroll-
ment embedding alignment to the model candidate embedding space
leads to significantly better results than . alignment to the original
runtime embedding space. This is somewhat expected as the can-
didate model Y has better speaker verification performance, which
should correspond to a higher-quality speaker embedding space; it
should be the preferred target space for alignment. The performance
of .3 is in between the performance of symmetric GE2E and BCE,
showing that asymmetric framework with space alignment can ben-
efit from updating a model on only a single side of the speaker veri-
fication trial. Third, alignment .#3 outperforms all other alignment
methods. When the baseline and candidate model performance are
comparable, as is the case for the GE2E and BCE models, .43 align-
ment can even slightly outperform the BCE candidate model in the

Table 2. Ablation study for .#3, on o, 3 and y and number of additional speakers M

Alignment Approach  Enrollment/Verification  12.5% 5.0% 2.0%
X GE2E/GE2E 0 0 0
M3 (M = 50K) GE2E/BCE 11.35 11.5 7.3
M3 (o= 0) GE2E/BCE 7.57 4.57 —2.82
M3 (B =0,v=0) GE2E/BCE —65.14 —41  —26.46
M3 (M = 0) GE2E/BCE 12.16 6.93 4.18
M3 (M = 10K) GE2E/BCE 13.24  10.77 8.56
X SAcartylSAcarty 0 0 0
M5 (B =0,7=0) SAcariy!SAsun 14.06  26.12  28.12

symmetric framework. We argue this is because the alignment train-
ing data and the evaluation data are sampled from the same specific
domain, and thus embedding alignment can perform (partial) fine-
tuning. When the performance difference between the baseline and
candidate models is large and the embedding extractors are trained
on the same in-domain data (SAcary VS. SAguur), .#3 can achieve up
to 60% of the performance improvement achieved by the candidate
model in the symmetric framework.

Finally, we present an ablation study of .43 in Table 2 with
the following findings. First, when excluding the effect of the con-
trastive loss by setting o« = 0, the performance can already slightly
improve over .#>. This illustrates the benefit of realigning both
spaces. Second, training an entirely new space by setting § = 0 and
~v = 0 resulted in significantly worse performance. This highlights
the importance of selecting a strong reference embedding space. We
hypothesize that this caused by the fact that GE2E and BCE were
already trained on a larger-scale dataset with only the SID task in
mind. The construction of the new shared space is based on a smaller
alignment dataset, which is detrimental for final SID performance.
However, when there are significant performance differences be-
tween models due to a weaker SA..y model as in the last row of
Table 2, the construction of a new space can perform better than the
symmetric baseline. But the performance is still worse compared to
utilizing a reference space in .#/3 or .#> alignment.

5. CONCLUSION

We have investigated post-training speaker embedding space align-
ment for SID systems within an asymmetric enrollment-verification
framework, where different models are used to generate voice pro-
files and runtime speaker embeddings. A case study in enabling
A/B tests within this asymmetric framework, so as to avoid exten-
sive voice profiles rebuilding for each new candidate model, showed
a need for embedding alignment. Our proposed NESSA method ef-
fectively bridges the mismatch between different embedding spaces,
so that between 60% and 100% of the potential gain from the candi-
date model is achievable without explicit voice profile updates.
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