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Abstract

We propose an active learning approach for the
unsupervised normalization of vector representations
of speech, such as speaker embeddings, currently in
widespread use for speaker recognition systems. We
demonstrate that the traditionally used mean for normal-
ization of speaker embeddings prior to probabilistic lin-
ear discriminant analysis (PLDA) is suboptimal when the
evaluation conditions do not match the training condi-
tions. Using an unlabeled sample of target-domain data,
we show that the proposed adaptive mean normaliza-
tion (AMN) technique is extremely effective for improv-
ing discrimination and calibration performance, by up to
26% and 65% relative over out-of-the-box system perfor-
mance. These benchmarks were performed on four dis-
tinctly different datasets for a thorough analysis of AMN
robustness. Most notably, for a range of data conditions,
AMN enabled the use of a calibration model trained on
data mismatched to the conditions being evaluated. The
approach was found to be effective when using as few as
thirty-two unlabeled samples of target-domain data.
Index Terms: speaker recognition, mean normaliza-
tion, speaker embeddings, calibration, dynamic selection,
adaptive normalization.

1. Introduction
Unsupervised adaptation of speaker recognition sys-
tems has received considerable attention in the research
field [1, 2, 3, 4, 5, 6, 7] due to the degrading impact of
domain shift on system performance. Domain shift oc-
curs when a speaker recognition system is trained and
tuned on conditions that are subtly or dramatically differ-
ent from the conditions to which the system is applied.
A system that is not robust to domain mismatch suf-
fers reduced discrimination performance and inadequate
calibration, which in turn can increase either missed or
false system detections. The purpose of system adapta-
tion is counteracting domain-shift impact and enabling
the speaker recognition system to perform as expected in
the target domain.

System adaptation can be performed in a supervised
or unsupervised paradigm. In the supervised scenario, the

system leverages target-domain data along with ground-
truth speaker labels. Given the difficulty and cost asso-
ciated with labeling target-domain data for each speaker,
unsupervised adaptation approaches are typically sought.
Unsupervised adaptation involves leveraging information
from target-domain samples to improve system perfor-
mance without the need for data labeling. The focus of
this work is the unsupervised adaptation scenario.

Numerous approaches to unsupervised adaptation
have been proposed. Several approaches attempt to
reduce domain variability from the i-vector space by
directly modeling the domain mismatch into the i-
vector space or mapping the source-domain data into a
domain-invariant space prior to PLDA training [1, 2, 3].
The adaptation process becomes challenging for PLDA
adaptation without speaker-labeled data. Villalba and
Lleida [4] proposed a variational Bayesian approach for
unsupervised PLDA adaptation, where unlabeled data
was modeled as a latent random variable. Although this
approach explicitly models speaker uncertainly into the
adapted model, it lacks in performance due to low chan-
nel variability. Several other approaches aim to esti-
mate speaker labels using techniques including agglom-
erative hierarchical clustering and subsequently use su-
pervised adaptation techniques, such as retraining the
PLDA or calibration model of the system [5, 6]. These
techniques are effective if the speaker-label estimates
are of high quality, but they often result in degraded
system performance due to the confusion of the clus-
ters and low channel diversity of the clustered sam-
ples. More recently, different autoencoder-based unsu-
pervised domain-adaption techniques—including a de-
noising autoencoder [7], a maximum mean discrepancy
(MMD) based autoencoder [8], and a correlation align-
ment (CORAL/CORAL+) loss based autoencoder [9,
10]—have been introduced. Drawbacks of these tech-
niques include the requirement for relatively more com-
putational power and target-domain data to successfully
compensate for the domain mismatch with respect to the
training data.

Proposed in this work is a simple yet effective tech-
nique that operates on a single aspect of a traditional
speaker recognition system—mean normalization. We
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demonstrate both the need for appropriate mean normal-
ization specific to the conditions being evaluated and,
in doing so, the positive impact that this approach has
on system discrimination power and calibration perfor-
mance. We then propose a dynamic selection mechanism
for estimating an appropriate mean for each enrollment
and test audio file based on the similarity of the condi-
tions between the file in question and candidate examples
from the target domain. The technique—termed adaptive
mean normalization (AMN)—is benchmarked on four
different evaluation sets, on which significant improve-
ments to discrimination and calibration performance are
observed. Finally, we highlight the robustness of the ap-
proach as well as identify areas of AMN for future work.

The remainder of this paper is organized as follows:
In Section 2, we detail the speaker recognition system
used in this study. We give a description of the proposed
AMN technique in Section 3. In Sections 4 and 5, we
describe the evaluation protocol and results, respectively.

2. Speaker Recognition System
In this section, we detail the speaker recognition sys-
tem used throughout this study. We leverage several
of the advances from the SRI-CON-USC team in the
NIST SRE’18 [11], including multi-bandwidth DNN-
based speaker embeddings based on power normalized
cepstral coefficients (PNCC) [12], source-normalized
LDA/PLDA, and linear calibration.

Speech activity detection is based on a DNN with two
hidden layers containing 500 and 100 nodes. The DNN
was trained using 20-dimensional mel-frequency cepstral
coefficients (MFCC) features, stacked with 31 frames,
and mean and variance normalized over a 201-frame win-
dow.

We use a multi-bandwidth speaker embeddings net-
work based on 16 kHz PNCC features of 30 dimensions
extracted from a bandwidth of 100–7600 Hz using 40 fil-
ters and root compression of 1/15. All audio was sam-
pled at 16 kHz prior to feature extraction. The process
for training the embedding network that we developed
for the NIST SRE’18 enables high performance on both
8 kHz and 16 kHz audio instead of tailoring the system
to a specific bandwidth. This training process involves
adding to the pool of embeddings training audio, a down-
sampled copy of any 16 kHz or higher data to 8 kHz. In
doing so, the embeddings network will observe the same
spoken content and conditions at both 8 kHz and 16 kHz
bandwidths, enabling it to suppress bandwidth variation
from the embeddings. The architecture of our embed-
dings extractor DNN follows the Kaldi recipe [13] with
specific details and our general augmentation process can
be found in[14].

Training data plays an important role in the design
of a robust embeddings extractor [15, 14]. System train-
ing data included 234,288 signals from 14,630 speakers.

This data was compiled from NIST SRE 2004–2008 [16],
NIST SRE 2012 [17], Mixer6 [18], Voxceleb1 [19], and
Voxceleb2 (train set) data [20]. Voxceleb1 data had 60
speakers removed that overlapped with Speakers in the
Wild (SITW). Augmentation of data was applied using
four categories of degradations as in [14], including mu-
sic and noise, both at a 5 dB signal-to-noise ratio, com-
pression, and low levels of reverb. We used 412 noises
compiled from both freesound.org and the MUSAN cor-
pus [21]. Music degradations were sourced from 645
files from MUSAN and 99 instrumental pieces purchased
from Amazon music. For reverberation, examples were
collected from 47 real impulse responses for low-level re-
verb available on echothief.com and 400 signals sourced
from MUSAN. Compression was applied using 32 dif-
ferent codec-bitrate combinations with open source tools.
In addition to these augmentations, we duplicated the 16
kHz or higher data (74,447 files) by downsampling to 8
kHz per the multi-bandwidth goal above.

The focus of this paper is the unsupervised adapta-
tion of the system backend, specifically the mean nor-
malization process. The training data for the backend
was a one-third sampling of the embeddings training
dataset, excluding the duplicated 16-to-8 kHz data. All
embeddings are first transformed by source-normalized
LDA [22], in which the sources were defined as each of
the data sources of the system training data (each SRE
corpus and Voxceleb1/2). Source normalization ensures
the domain shift between these data sources is not inter-
preted as between-class variation as would be the case
with traditional LDA. Mean normalization is then applied
to the LDA-reduced embeddings, with the mean calcu-
lated from the backend training dataset. Length normal-
ization [23] is then applied before PLDA modeling [24].
The PLDA scores are calibrated with scale and shift pa-
rameters learned via linear logistic regression over a cal-
ibration dataset.

3. Active Learning Mean Normalization

Mean normalization of vector representations (such as
i-vectors or embeddings) is commonplace in speaker
recognition systems, as it centralizes the data distribution
prior to applying length normalization and PLDA model-
ing. In this section, we detail the impact of this process
followed by our proposed method of dynamically defin-
ing the mean for normalization based on the observed
conditions of the trial data.

3.1. The Vital Role of Mean Normalization

The aim of mean normalization is to distribute the data
evenly over a unit hypersphere that is formed through the
length normalization process. This process enables the
data to better fulfill the assumptions of the PLDA model
in that it then appears more Gaussianly distributed. To
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perform effectively, the system assumes the mean cal-
culated during system training is appropriate for the op-
erating data conditions. In practice, this assumption is
typically unfulfilled, leading to a suboptimal mean vector
for the normalization process. To illustrate this issue, we
present the results of benchmarking the SRE’18 CMN2
dataset when using the traditional system mean compared
to using the mean of the unlabeled adaptation data for
SRE’18 CMN2 in Table 2. Using the more appropriate
mean significantly improves system performance from an
equal error rate (EER) of 9.7% to 7.9% and a cost of like-
lihood ratio (Cllr) of 0.371 to 0.293. Of significant inter-
est is the improvement in calibration performance (Cllr)
when using an appropriate mean in combination with a
calibration model trained on data that does not represent
the evaluation conditions. Surprisingly, using a suitable
mean for normalization appears more important than the
data used to learn the calibration parameters.

3.2. Adaptive Selection of the Mean

The above benchmark was conducted with a single mean
calculated from all available data that was relevant to the
evaluation conditions. This static mean is quite suitable
when data conditions are homogeneous. However, when
evaluation conditions vary, we can assume that dynami-
cally adapting the mean for the conditions would enhance
performance. In essence, we can apply an active learning
paradigm in which a pool of data is queried using test
conditions to find an appropriate mean. We propose a so-
lution to active learning approach below, which also ac-
counts for the case in which no suitable mean data can be
found for normalization.

The approach’s aim is determining, if possible, an ap-
propriate mean for normalizing each individual test file
at test time by selecting from a candidate pool of vector
data, based on similarity of the conditions between the
candidate and test data (and similarly for the enrollment
samples).

The first stage involves ranking the set of candidate
data by condition similarity to the test sample in question.
For this purpose, we leverage our recent work in condi-
tion PLDA (CPLDA) [25]. The CPLDA model is trained
using a subset of the system training data but replaces
speaker labels with condition labels. The condition labels
include compression type, reverb type, noise type, lan-
guage, and gender information. In combination, these de-
fine 11,453 unique conditions. CPLDA takes as input the
speaker embeddings after transforming them with LDA
that is specific to the CPLDA space, mean normalization,
and length normalization.

Once the CPLDA model has been trained, a collec-
tion of candidate embeddings for adaptive mean normal-
ization must be defined. Here, this set is formed by using
a held-out dataset that is closely matched to the condi-
tions being evaluated; however, in practice, the enroll-

Figure 1: The proposed method of adaptive mean nor-
malization.

ment samples or test samples could serve as candidates.
We analyze the number of candidate mean norm files re-
quired for effective AMN in the results section.

As more relevant data is located for the mean esti-
mation, the dynamic mean shifts from the system mean
toward this condition-specific mean. A summary of the
AMN process is depicted in Figure 1.

AMN is applied to each individual embedding used
for speaker enrollment and testing. The aim of AMN
is reliably estimating the most appropriate mean for nor-
malizing an embedding given the condition exhibited in
the embedding. We must also consider the case that zero
or very few suitable embeddings exists for the process.
As such, we define the AMN process for an embeddings
as follows.

1. Define a similarity threshold α that is used to lo-
cate suitable candidate embeddings for the mean
normalization of embedding, e.

2. Define the maximum number of embeddings M
used to estimate the mean.

3. Define the default system mean µsys as the mean
of the PLDA training data.

4. Use CPLDA scoring to compare the embedding e
to the candidate embeddings and produce condition
similarity scores for each.

5. Retain only the N embeddings with the highest
condition similarity scores above the threshold α,
up to a maximum of M embeddings (N ≤M ).

6. Estimate the condition-specific mean µe from the
retained embeddings.

7. Determine the final mean for normalization µAMN

as the weighting of the default system mean µsys

and the condition-specific mean µe based on how
many of the M desired embeddings were retained,
such that,

µAMN =
µsys

2

(
1− N

M

)
+
Nµe

2M
(1)

Regarding computation, we have heuristically found
that AMN requires very limited overhead. The major fac-
tor in determining the overhead is the number of available

90



Table 1: Details of evaluation datasets used in this work including norm sets and the number of target/impostor trials.

Condition # Spk # Tgt / Imp NormSet # Seg

sre16 201 37k / 1.9mil sre16-unlb 2400
sre18 188 60.7k / 2.0mil sre18-unlb 2400
sitw-eval 180 3.7k / 717k sitw-dev 1200
rats-src 168 3.2k / 539k rats-src 7152

candidate embeddings. As we demonstrate in the result
section, the number of samples for effective AMN can be
quite few. It is also worth noting the benefit in treating
each embedding individually compared to our prior work
on the related and more intense process of trial-based cal-
ibration (TBC) [26, 25]. In TBC, the selection of candi-
date calibration trials is specific to each enroll-test pair-
ing, which is considerably more costly per test file as the
number of enrolled speakers increases.

4. Evaluation Protocol

We demonstrate the effectiveness of the proposed ap-
proach using several datasets that represent a large scope
of conditions: NIST SRE 2016 (tgl and yue) [27],
NIST SRE 2018 (CMN2) [11], Speakers in the Wild
(SITW) [28], and source signals of the DARPA RATS
SID data [29]. For each dataset, we define the candidate
AMN data, which is disjoint in terms of actual speakers
from the evaluation set. Details of each dataset are pro-
vided in Table 1. To optimize space in this article, we
direct the readers interested in more details on each of
these datasets to the provided references. The maximum
number of segments, M , selected for AMN was tuned on
the RATS dataset and defined as the half the number of
candidate segments. This implies that a mean constructed
of 50% of the available candidates would be sufficient,
while allowing for a degree of heterogeneity in the candi-
dates.

The system was calibrated using a subset of the RATS
source data and held static across the evaluations. The
motivation for holding this constant was demonstrating
the benefit of AMN in terms of calibration performance
when using a calibration model matched or mismatched
to the evaluation data.

We report results in terms of equal error rate (EER)
and cost of the likelihood ratio (Cllr). EER provides a
measure of discrimination power irrespective of how well
the system is or is not calibrated, while Cllr measures
how well the system is calibrated across a broad spectrum
of operating points, which is an important aspect when
deploying a system that must make decisions via a score
threshold.

5. Results and Analysis
This section evaluates the proposed AMN technique and
highlights the approach’s associated benefits as well as
its sensitivities. Due to the number of datasets used in
benchmarking and a thorough analysis of AMN, a single
table of results is presented and each relevant comparison
is detailed in the text.

5.1. Calibration of Traditional Systems

To grasp the potential impact of mean normalization, we
first benchmarked each evaluation set using the speaker
recognition system out-of-the-box. The first column in
Table 2 details the EER and Cllr metrics across the
datasets. The EER significantly varies across the sets
due to each set being composed of different conditions,
while nonetheless competitive for each of these datasets.
Of significant note is the poor calibration performance
of the sets except for rats-src, as a held-out portion of
rats-src was used in the learning of the calibration mod-
els. To provide a reference of how well these datasets
could potentially be calibrated in an matched scenario,
we applied calibration for each when trained on the eval-
uation data itself (second column of metrics). In sum-
mary, these trends indicate that with a traditional speaker
recognition system, the application of an appropriate cal-
ibration model is vital.

5.2. The Impact of Relevant Mean Normalization

The first comparison regarding mean normalization that
we make involves the performance difference when us-
ing the system mean (based on PLDA training data) and
a mean from the predefined, held-out data that is rele-
vant to each condition (Cond-MN). This is implemented
as two differences, noting that the adaptive selection from
Section 3.2 is not used in this section. Firstly, the mean
used to normalize a dataset is calculated from the held
out portion of the data (for example, sitw-dev used to
calculate a single mean vector for the normalization of
sitw.eval). Second, the calibration model is trained in
the same manner with the mean of rats-src being used to
normalize embeddings prior to generation of the scores
for calibration training. Table 2 details results for this
comparison in the first and third column of metrics with
Mean Norm being baseline or Cond-MN, respectively. It
can be observed that EER and Cllr improves relative to
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Table 2: Performance metrics (EER/Cllr) across evaluation datasets for each type of mean normalization. The EvalSet
for calibration is a positively biased oracle scenario. The two baseline results offer the same EER values due to the
ranked order of scores being unchanged. This is in contrast to the alternate mean normalization approaches which apply
trial-specific normalization.

Mean Norm Baseline Baseline Cond-MN AMN AMN-mismatch

Calibration RATS EvalSet RATS RATS RATS

D
at

as
et SRE’16 10.0% / 0.497 10.0% / 0.364 9.4% / 0.406 8.3% / 0.321 13.3% / 0.892

SRE’18 9.7% / 0.371 9.7% / 0.357 7.9% / 0.293 7.2% / 0.283 9.6% / 0.500
SITW 2.6% / 0.381 2.6% / 0.100 2.5% / 0.153 2.6% / 0.134 2.6% / 0.126
RATS 3.6% / 0.149 3.6% / 0.147 3.5% / 0.143 3.6% / 0.152 3.5% / 0.182

Figure 2: Performance vs. the number of candidate seg-
ments available for AMN on the RATS dataset.

the baseline (Baseline/RATS) by up to 19% and 60%, re-
spectively, when normalizing the enrollment and test em-
beddings using a static mean calculated from an appro-
priate dataset for each evaluation set (Cond-MN/RATS).
While this improvement in discrimination as indicated
by EER is impressive when only the mean differs be-
tween systems, what is surprising is that the calibration
model, which remained static and trained on rats-src data,
is suddenly appropriate for the calibration of mismatched
evaluation conditions. In fact, the average difference be-
tween the Baseline/EvalSet and the Cond-MN/RATS is
quite small.

5.3. Adaptive Mean Normalization

While dataset-relevant mean normalization (Cond-MN)
significantly improved performance, we take the ap-
proach one step further by introducing a dynamic selec-
tion mechanism based on condition similarity. AMN was
applied to each individual enrollment and test sample,
with a maximum number of samples of half the num-
ber of segments available to AMN. Results in the AMN
column of Table 2 indicate this dynamic process further
enhanced performance in most cases over CMN, notably
those datasets with less homogeneous conditions (such
as rats-src and SITW). Of interest is the average mea-
surement of similarity observed from the perspective of
CPLDA. For each embedding, the ratio of segments used
in the dynamic mean estimate compared to the desired

number N
M can be averaged over the evaluation set to pro-

vide an indication of how well the candidate set is fit to
the evaluation set. These average fit measures had an av-
erage of 0.9 with standard deviation 0.1, suggesting that
the candidate dataset is well suited for the AMN process-
ing of each evaluation set. Comparing the first column
(Baseline/RATS) to the improvements in the fourth col-
umn (AMN/RATS) of Table 2, gains of up to 26% (av-
erage of 11%) in EER and 65% (average of 30%) in Cllr
can be observed.

5.4. Data Requirements

To illustrate the power of AMN, we vary the number
of segments in the candidate calibration dataset from 1
to 1024 in powers of two and benchmark the Cllr on
each dataset. Figure 2 indicates that with as few as 32
segments, AMN already achieves most of the potential
gain observed when using 1024 segments. Although not
shown, a similar trend was observed in terms of EER,
with particularly significant gains in SRE’16 and SRE’18
datasets. The significance of such limited data improving
system performance exemplifies once again the impor-
tance of appropriate mean normalization as well as the
stability of such a simple approach.

Figure 2 also indicates a difference between 1 can-
didate segment and the base results, with the most obvi-
ous difference being within the SRE’16 dataset. This oc-
curs due to our application of a calibration model trained
without AMN scoring for the base results, and one with
AMN scoring for the AMN benchmarking. In the case
that AMN locates few or no relevant examples for mean
normalization, µAMN approximates µsys and the use of a
AMN-influenced calibration model becomes unsuitable.
Given this sensitivity of the approach, future work should
consider how to dynamically assign calibration model
parameters based on the N examples used to estimate
µAMN.

Finally, we attempt to highlight the sensitivities of
AMN by using a candidate pool of data that is not
matched to the evaluation conditions. This is done using
a leave-one-set-out approach. For example, we evaluated
the rats-src dataset by defining the candidate AMN set
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as all other datasets and excluding rats-src. Ideally, the
CPLDA similarity scoring process would exclude any-
thing dissimilar to the condition being evaluated, and the
results would taper toward the baseline system results as
if the system µsys was used consistently. We observe,
however, that performance was not enhanced with this
approach and was, in fact, degraded in all cases except
SITW. While not presented here, we also evaluated differ-
ent thresholds, α on the similarity measure without suc-
cess. This suggests that improvements could be made to
the condition similarity measure provided by CPLDA to
help filter out less appropriate data in the dynamic mean
process.

6. Conclusions
In this work, we proposed the method of adaptive mean
normalization (AMN) for the unsupervised adaptation of
speaker recognition systems by using data samples rele-
vant to evaluation conditions. The AMN approach was
demonstrated to be extremely effective at improving dis-
crimination and calibration performance by up to 26%
and 66% relative to out-of-the-box system performance.
These benchmarks were performed on four distinctly dif-
ferent datasets for a thorough analysis of AMN robust-
ness. Most notably, results showed that with AMN, a cal-
ibration model trained on mismatched condition data pro-
vided impressive calibration performance. Further, AMN
was found to be highly effective when using as few as
eight unlabeled target-domain data samples.

Future work will involve improving AMN’s sensitiv-
ity to an absence of appropriate condition data, which
may degrade performance when using the technique. Ad-
ditionally, the propagation of errors from the condition
predictor should be analyzed to determine the impact of
such errors on the final calibration performance.
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