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Abstract
In 2024, NIST hosted the latest in a series of Speaker

Recognition Evaluations: SRE24. SRE24 was multi-faceted,
featuring three tracks: audio, audio-visual, and visual. This pa-
per is dedicated to deeper analysis of the SRE24 audio track re-
sults and expands upon the previously published initial results,
to include the impacts of the amount of enrollment speech, num-
ber of enrollment segments, audio source-type, languages spo-
ken, presence of multiple speakers in a single segment, as well
as system fusion on system performance. This paper also briefly
touches on what seemed to be the most successful approaches
to speaker recognition among the systems submitted to SRE24,
as well as potential future directions for the SRE series.
Index Terms: speaker recognition, speaker recognition evalu-
ation, SRE, SRE24, speaker identification, person recognition,
voice biometrics

1. Introduction
The National Institute of Standards and Technology (NIST) has
been hosting a series of community-driven Speaker Recognition
Evaluations (SREs) since 1996, the most recent of which was
hosted in 2024. The 2024 SRE (SRE24) included three tracks
(audio, audio-visual, and visual) which determined the modal-
ity of data available to the system, and two training conditions
(fixed and open) which determined whether the training data
was limited to the provided datasets or unlimited. SRE24 fea-
tured: multiple source-types (conversational telephone speech
(CTS) and audio-from-video (AfV)); variable amounts of en-
rollment segments; variable enrollment segment durations; vari-
able length test segments with as little as 5 seconds of speech;
multiple languages per speaker; and multi-speaker recordings.
Participants in SRE24 consisted of 26 academic, industry, and
government organizations which formed 11 teams that submit-
ted a total of 91 systems.

Many details about SRE24 can be found in the SRE24 Eval-
uation Plan [1] as well as in an earlier publication [2]. This
paper primarily focuses on a deeper analysis of the SRE24 per-
formance results. Some limited background is provided to make
this paper self-contained, but we encourage the interested reader
to see [1, 2] for additional details about the evaluation.

2. Task Description, Performance
Measurement, & Data

Task Description The task in SRE24 was automatic person
recognition split into three tracks: 1) audio containing CTS and
AfV; 2) audio-visual containing selfies and video segments with
corresponding audio; and 3) visual containing only visual data
and withholding audio. This paper focuses on the audio track.

Each track consisted of a set of trials, where each trial con-
sisted of enrollment data, Xenroll, and a test segment, Xtest.
The null-hypothesis (alternate-hypothesis), H0 (H1), is that
the person1 recorded in the enrollment data is (not) the person
recorded in the test segment (respectively).

Each trial must be processed independently. For each trial
(Xenroll, Xtest), the system must output the following log-
likelihood ratio, where P (·) denotes the probability density
function:

loge

(
P ((Xenroll, Xtest)|H0)

P ((Xenroll, Xtest)|H1)

)
(1)

Performance Measurement As in the previous NIST SRE,
the primary metric is the average of the normalized cost func-
tion at two operating points along the Detection Error Trade-
off (DET) [3] curve. As a cost function, lower values indi-
cated better performance and a perfect system would achieve a
score equal to 0. In order to address variability in the evaluation
set, the costs were also equalized across 8 partitions based on
the speaker’s sex (male or female), whether the enrollment/test
language matched (yes or no), and whether the enrollment/test
source-type matched (yes or no). To make the cost function
value more interpretable, it was normalized such that a system
simply outputing H1 would receive a score of 1. The official
metric, “actual” CPrimary , was computed by applying the the-
oretical Bayes-optimal detection thresholds to the system log-
likelihood ratio outputs. The “minimum” CPrimary value was
computed by applying thresholds to the system log-likelihood
ratios that were set optimally using an oracle. See Section 3.1
of [1] for details on computing CPrimary .

Data Datasets including audio, audio-visual, and selfie data
were provided to participants for system training. These
datasets are enumerated along with additional details in Section
2.2 of [1], and were the sole data permitted for system training
in the “fixed training” condition of the evaluation. Participants
were also encouraged to submit to the “open training” condition
systems using other training data as well.

The evaluation data were drawn from a newly collected
dataset provided by the Linguistic Data Consortium (LDC),
named the TELVID corpus. TELVID consisted of selfies,
videos, and telephone recordings. See [4] for details.

As noted in [4], the collection protocol allowed the pos-
sibility for a target speaker to appear anonymously in a video

1Note that SRE24 included enrollment data (for the audio-track) and
test segments with potentially more than one person present, so the
question posed to the system would be more accurately stated as “Is any
person recorded in the enrollment data also recorded in the test data?”.
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recording with multiple persons present, which occurred and
was found to impact 33 trials in the SRE24 audio track; despite
the relatively few impacted trials, updated keys were created
and circulated to participants, removing these impacted data
from the evaluation results.

In SRE24, the audio track data consisted of CTS and AfV,
spoken primarily in English, Tunisian Arabic, or French, and
segmented into enrollment recordings that contain approxi-
mately 10, 30, or 60 seconds of speech. The audio and video
test recordings contained between 5 and 60 seconds of speech.

3. System Highlights
While each SRE24 participant submitted unique systems to ad-
dress the various challenges in the evaluation, there were sev-
eral common elements among the systems exhibiting best per-
formance. We list several here, limiting our consideration to the
audio track. More information regarding the submitted systems
is expected to be included in a longer, more comprehensive pub-
lication on SRE24 at a later date.

Among the systems submitted to SRE24, those that utilized
data augmentation in all but one case outperformed those that
did not–there was one system submitted that did use data aug-
mentation, but did not seem to perform particularly well. Sev-
eral systems used a standard Kaldi [5] augmentation recipe (re-
verberation, babble, music, and noise), making use of publicly
available datasets and tools for these purposes, e.g., MUSAN
[6] and simulated room impulse responses; one leading sys-
tem used RawBoost[7], which performed well in SRE24 de-
spite originally being developed to address anti-spoofing. No-
tably, leading systems made use of data augmentation at several
stages of the system pipeline, e.g., during score normalization
and feature extraction. Log-mel filter banks were the most com-
mon choice for acoustic features among top-performing sys-
tems. Similarly, all but one top-performing system used Kaldi-
sytle energy-based VAD, with the exception using rVAD [8], an
unsupervised approach that consists of two passes of denoising.
Embedding extractors for top-performing systems varied, how-
ever flavors of ResNet [9], WavLM [10], and ECAPA-TDNN
[11] were most common, followed by Conformers [12] and
ReDimNets [13].

Whitening, LDA projection, length normalization, and
within-class covariance normalization, were common post-
processes to apply to the extracted embeddings prior to utilizing
the various back-ends, which most typically were either a sim-
ple cosine scoring or a variation of PLDA, though two teams
that submitted leading systems used other methods, e.g., Neural
Pairwise Support Vector Machine [14] and Neural PLDA [15].

Nearly all submitted speaker recognition systems consisted
of a combination of distinct systems whose features were fused
in some manner to produce the final system output. The best
performing systems also used pre-fusion techniques, e.g., score
normalization, prior to fusion. Fusion for all leading systems
typically involved linear and/or greedy approaches. Because
this approach can greatly increase overall system complexity,
SRE24 participants were encouraged, but not required, to also
submit results for “single” speaker recognition systems in both
the fixed and open training conditions.

4. Results and Analysis: Audio Track
SRE24 consisted of data with multiple intrinsic and extrinsic
factors that impacted performance, particularly in combination.
As such, only a portion of the possible analysis of the SRE24

Figure 1: Actual CPrimary scores for primary and single sys-
tems in the fixed and open audio tracks. Each bar represents
values when systems were were primary versus single and data
was fixed versus open. Not all teams participated in each per-
mutation. For each team, from left to right (if a system was sub-
mitted), the [system type, data condition] was [primary, fixed],
[primary, open], [single, fixed], [single, open].

is able to be included here. We anticipate a future publication
without page limits where we will attempt to publish more com-
prehensive analysis. This paper emphasizes what we believe to
be the analyses that are likely to be of most central interest.

We begin by noting that the overall SRE24 results–
including the impacts of allowing unlimited training data and
system fusions–can be found in [2]. In this paper, we exclude
results from the audio-visual and visual tracks for the reasons
described directly above.

The audio track is the original and ongoing track in the SRE
series, which is limited to audio data. More information about
the SRE24 Audio Track can be found in Section 2 as well as
in [1, 2]. In this section, we present the minimum and actual
CPrimary scores2 on the SRE24 dataset.

4.1. Single versus Primary (“Fused”) Systems

As noted in Section 3, SRE24 participants were encouraged
to submit results for single speaker recognition systems in ad-
dition to their primary fused ones. We note that participants
were permitted to register up to three systems per track (au-
dio, audio-visual, and visual) per training condition (open and
fixed), where one system needed to be designated as the official
“primary” system for each track and training condition. Unless
otherwise stated, all results presented in the following analyses
refer to the performance of the primary system. In this sec-
tion, we present results for these single systems for the fixed
and open training conditions, alongside comparable results for
primary systems.
Primary versus Single Systems- Fixed Audio versus Open
Audio The observed CPrimary scores for the primary and
single systems in the fixed and open training conditions in the
audio track can be seen in Figure 1. The ability to fuse multi-
ple individual speaker recognition systems seemed to have pro-
vided relatively limited impact in the majority of cases, partic-
ularly compared with the relative improvement observed when
allowing unlimited training data.

4.2. Sex

There were no cross-sex trials in SRE24. In this section we
show CPrimary results based on the sex of the speaker.

2See Section 2 for details on the CPrimary cost function.
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Figure 2: Actual CPrimary scores for primary systems in the
fixed training condition in the audio track. For each team, the
left blue (right green) bar represents female (male) speakers (re-
spectively).

Figure 3: Actual CPrimary scores for primary systems in the
fixed training condition audio track. Each bar represents the
values when systems were provided a single enrollment seg-
ment. For each team, left to right, the enrollment segments were
10, 30, and 60 seconds long.

Primary Fixed Male Audio versus Primary Fixed Female
Audio The observed CPrimary scores for primary systems in
the fixed training conditions in the audio track, computed sepa-
rately for the male and female speakers, can be seen in Figure 2.
For most of the teams’ systems, the sex of the speaker seemed
to have limited impact of the results. Those systems that did ex-
hibit a relatively substantial difference in performance seemed
to perform better on female speakers than male.

4.3. Enrollment duration

SRE24 included trials with a single enrollment audio segment
(containing 10, 30, or 60 seconds of speech) or three enrollment
audio segments (with all three containing 10 seconds of speech
each, all three containing 30 seconds of speech each, all three
containing 60 seconds of speech each, or one containing 10 sec-
onds, one 30 seconds, and one 60 seconds of speech). In this
section we show results on trials with a single enrollment audio
segment, then on trials with three enrollment audio segments.

Primary Fixed Single enrollment The observed CPrimary

scores for primary systems in the fixed training condition in the
audio track, computed separately based on the single enrollment
segment speech duration, can be seen in Figure 3. While more
speech enrollment consistently resulted in better results, typ-
ically the relative improvement in performance was relatively
substantially greater when increasing from 10 to 30 seconds

Figure 4: Actual CPrimary scores for primary systems in the
fixed training condition audio track. Each bar represents the
values when systems were provided a varied number of and
length of enrollment segments. For each team, from left to right,
the enrollment segments in seconds were [30], [60], [10,10,10],
[30,30,30], and [10,30,60].

Figure 5: Actual CPrimary scores for primary systems in the
fixed training audio track. Each bar represents the values when
the systems were provided specified sources for enrollment and
test segments. For each team, from left to right, the [enroll-
ment segment source, test segment source] was [AfV, AfV], [AfV,
CTS], [CTS, AfV], [CTS, CTS].

compared with increasing from 30 to 60 seconds.

Primary Fixed Single versus Multi-Enrollment The ob-
served CPrimary scores for primary systems in the fixed train-
ing condition in the audio track, computed separately based on
one enrollment segment duration and the three enrollment seg-
ment speech durations, can be seen in Figure 4. The single
enrollment segment trials generally performed worse than the
three enrollment segment trials, even when the total amount of
speech was the same (i.e., a single 30 second enrollment seg-
ment versus three 10 second enrollment segments) or greater
(i.e., a 60 second enrollment segment versus three 10 s enroll-
ment segments).

4.4. Source type

SRE24 included both CTS as well as AfV speech. In this sec-
tion we show results first comparing the two audio source types
when the enrollment and test segments have the same source
type and then when enrollment and test segments have the dif-
ferent source types. We display the DET curves for the system
from T6, chosen due exhibiting relatively high performance and
illustrating commonly observed trends–see Figure 6.
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Figure 6: DET curves for the primary system in the fixed train-
ing audio track for T6. Each curve represents trials with [en-
rollment segment source, test segment source]. Specifically, the
green curve corresponds to [AfV, AfV], the magenta to [AfV,
CTS], the purple to [CTS, AfV], and the yellow to [CTS, CTS].

Primary Fixed Matched Source Type The observed
CPrimary scores for primary systems in the fixed training con-
dition in the audio track, computed separately based whether
both the enrollment and test segment were CTS or AfV, can
be seen in Figure 5. Systems consistently exhibited (in many
case, seemingly substantially) better performance on trials with
matching CTS source than those with matching AfV source.
This can also be seen to be the case across operating points in
the low false-alarm region of the DET curves in Figure 6.

Primary Fixed Mismatched Source Type The observed
CPrimary scores for primary systems in the fixed training con-
dition in the audio track, computed separately based whether
the enrollment segments were CTS or AfV and the test seg-
ments were the other (non-matching) source type, can be seen
in Figure 5. Performance seemed largely unaffected by whether
the enrollment was CTS or AfV when the test segment did not
match the enrollment segment source type. Compared with the
results observed and illustrated in Figure 5, systems generally
performed better when the source types in the enrollment and
test segments matched compared with when they did not. This
also appears to be the case across operating points in the low
false-alarm region of the DET curves in Figure 6.

4.5. Language

SRE24 included speech spoken primarily in Tunisian Arabic,
French, or English languages. In this section we show results
when the enrollment and test segments are spoken in the same
versus different language and then per language when enroll-
ment and test segments are spoken in the same language.

Primary Fixed Matched versus Mismatched Language
The observed CPrimary scores for primary systems in the fixed
training condition in the audio track, computed separately based
whether the enrollment and test segments were spoken in the
same language, can be seen in Figure 7. Systems generally
performed better when the enrollment and test segments were
spoken in the same language, with the impact on performance
seeming comparably less than that observed in the case of
source type (mis-)match (see Section 4.4).

Figure 7: Actual CPrimary scores for primary systems in the
fixed training audio track. For each team, the left blue bar rep-
resents when enrollment and test segment language matched,
while the right blue bar represents a language mismatch.

Figure 8: Actual CPrimary scores for primary systems in the
fixed training audio track. Each bar represents the values when
the systems were provided enrollment and test segments in the
same language. For each team, from left to right, the matched
language was Tunisian Arabic (ara-aeb), English (eng-eng),
and French (fra-ntf).

Primary Fixed Matched Language Per Language The ob-
served CPrimary scores for primary systems in the fixed train-
ing condition in the audio track, computed separately for each
language, where the enrollment and test segments were both
spoken in the same language, can be seen in Figure 8. For
the systems exhibiting the best overall observed performance,
English trials tended to demonstrate the best performance, fol-
lowed by Arabic and then, more closely (or equally), French.

4.6. Test Segments Duration

SRE24 included test segments uniformly sampled to contain be-
tween 5 and 60 seconds of speech. In this section we show re-
sults based on test segment approximate speech duration.

Primary Fixed Audio- Test Segment Duration The ob-
served CPrimary scores for primary systems in the fixed train-
ing condition in the audio track, computed based on the approx-
imate speech duration of the test segment, can be seen in Figure
9. Each durations for each bar in the figure were chosen to in-
clude approximately the same number of trials in each. The
results seem to suggest that systems typically struggled more
greatly with test segments in the 4.5 to 13 second range much
more than with longer segments, with most system exhibiting
a substantial improvement in performance once the segments
exceed 13 seconds, with relatively less improvement observed
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Figure 9: Actual CPrimary scores for primary systems in the
fixed training audio track. Each bar represents the values when
the systems were provided test segments containing various
lengths of speech. For each team, from left to right, the seconds
of speech contained in the test segments fell into the following
ranges: [4.52, 13.17], [13.17, 22.61], [22.61, 33.56], [33.56,
45.87], and [45.87, 69.28].

Figure 10: Actual CPrimary scores for primary systems in the
fixed training audio track. For each team, the left blue (right
green) bar represents when test segments had multiple people
(a single person) audible (respectively).

once the test segment exceeds 22.6 seconds.

4.7. Single versus Multiple-person segments

As described in Section 1, SRE24 included audio segments with
more than one audible speaker. In this section we show results
on trials where the test segment has a single speaker audible
versus those with multiple speakers audible.

Primary Fixed Audio- Single versus Multiple-Person Test
Segments The observed CPrimary scores for primary sys-
tems in the fixed training condition in the audio track, computed
based on whether the test segment contained audible speech
from only a single versus more than one speaker, can be seen in
Figure 10. Trials with mutliple speakers audible in the test seg-
ment seem to have been substantially more challenging, espe-
cially for the systems exhibiting relatively better performance.

5. Discussion & Conclusion
SRE24 was largely successful and accomplished many of its
goals; we wish to highlight the multilingual, relatively diverse
video recordings, and challenging multi-speaker data that were
included in the SRE24 evaluation dataset. Among SRE24’s lim-
itations, we note a relative lack of AfV in the training data, and

only three languages were included in the evaluation data; it
continues to be the case that there’s no data like more data. Po-
tential future directions being considered for future SRE’s in-
clude: continued inclusion of shorter test segments; additional
data source types; updating the primary metric to include more
operating points; and consideration of speaker recognition sys-
tem size and/or runtime. One perennial question for SRE re-
mains: how to encourage research in new and more varied ap-
proaches to the core speaker-recognition task?

In Summary, SRE24 featured: multiple source-types (CTS
and AfV); variable amounts of enrollment segments; vari-
able length test segments with as little as 5 seconds of
speech; multiple languages per speaker; and multi-speaker
recordings. Leading systems typically utilized (potentially
sophisticated) data augmentation as well as some form of
ResNet, WavLM, or ECAPA-TDNN front-end, and some post-
extraction normalization/post-processing prior to simple cosine
scoring or a variation of PLDA for the system back-end. As has
been demonstrated in the past, fusing multiple systems typically
results in better performance, though the observed cost of using
only a single system was relatively low. Typically, the relative
improvement in performance was substantially greater when in-
creasing a single enrollment segment from 10 to 30 seconds
compared with increasing from 30 to 60 seconds. Increasing the
number of enrollment segments seemed to have more impact on
performance than more speech in a single enrollment segment.
Matched CTS in enroll and test exhibited better performance
than matched AfV. Relatively little performance improvement
was observed when the enrollment and test were in the same
versus different languages, and the best performance observed
was typically on English, followed by Arabic, and then French
trials. Multiple speakers in a segment seemed to degrade per-
formance substantially.

The paper’s page constraints prevents sharing yet more
analysis, and we intend to publish still more and deeper anal-
ysis of the SRE24 results in the future.

6. Disclaimer
Certain commercial equipment, instruments, software, or mate-
rials are identified in this document to specify the experimental
procedure adequately. Such identification is not intended to im-
ply recommendation or endorsement by NIST, nor necessarily
the best available for the purpose. The descriptions and views
contained herein are those of the authors and should not be in-
terpreted as necessarily representing the official policies or en-
dorsements, either expressed or implied, of NIST or the U.S.
Government. DISTRIBUTION STATEMENT A. Approved for
public release. Distribution is unlimited. This material is based
upon work supported under Air Force Contract No. FA8702-
15-D-0001 or FA8702-25-D-B002. Any opinions, findings,
conclusions or recommendations expressed in this material are
those of the author(s) and do not necessarily reflect the views of
the U.S. Air Force. © 2026 Massachusetts Institute of Technol-
ogy. Delivered to the U.S. Government with Unlimited Rights,
as defined in DFARS Part 252.227-7013 or 7014 (Feb 2014).
Notwithstanding any copyright notice, U.S. Government rights
in this work are defined by DFARS 252.227-7013 or DFARS
252.227-7014 as detailed above. Use of this work other than as
specifically authorized by the U.S. Government may violate any
copyrights that exist in this work.
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