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ABSTRACT

Speaker diarization, the process of identifying "who spoke
when” in audio recordings, is essential for understanding
classroom dynamics. However, classroom settings present
distinct challenges, including poor recording quality, high
levels of background noise, overlapping speech, and the dif-
ficulty of accurately capturing children’s voices. This study
investigates the effectiveness of multi-stage diarization mod-
els using Nvidia’s NeMo diarization pipeline. We assess the
impact of denoising on diarization accuracy and compare
various voice activity detection (VAD) models, including
self-supervised transformer-based frame-wise VAD models.
We also explore a hybrid VAD approach that integrates Au-
tomatic Speech Recognition (ASR) word-level timestamps
with frame-level VAD predictions. We conduct experiments
using two datasets from English speaking classrooms to sep-
arate teacher vs student speech and to separate all speakers.
Our results show that denoising significantly improves the
Diarization Error Rate (DER) by reducing the rate of missed
speech. Additionally, training on both denoised and noisy
datasets leads to substantial performance gains in noisy con-
ditions. The hybrid VAD model leads to further improve-
ments in speech detection, achieving a DER as low as 17%
in teacher-student experiments and 45% in all-speaker ex-
periments. However, we also identified trade-offs between
voice activity detection and speaker confusion. Overall, our
study highlights the effectiveness of multi-stage diarization
models and integrating ASR-based information for enhanc-
ing speaker diarization in noisy classroom environments.
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Understanding classroom interactions is essential for enhanc-
ing student engagement, promoting collaborative learning,
and implementing effective teaching strategies. By examin-
ing who speaks, when, and for how long, we can gain valu-
able insights into student participation. Teachers can then
use this information to refine their teaching methods and
promote collaborative learning, which is crucial for develop-
ing students’ critical thinking skills [14, 41, 9].

However, capturing accurate speaker information in real-
world classroom settings presents substantial challenges. Is-
sues such as a lack of data for children’s speech, low signal to
noise ratio, speech disfluencies, overlapping speech and mul-
tiparty chatter complicate such tasks [37]. This makes it
challenging for conventional audio processing methods like
Automatic Speech Recognition (ASR) to transcribe class-
room conversations [37, 6] and distinguish between multiple
speakers [7]. Even though considerable strides have been
made to improve the automatic transcription of classroom
audio [2, 30], transcription alone does not solve the prob-
lem of identifying "who spoke when”, which is crucial for
analyzing individual participation.

Speaker diarization is a technique that helps solve the “who
spoke when” problem by identifying and labeling different
speakers in classroom recordings. With the recent advance-
ments in deep learning, speaker diarization has made sig-
nificant progress over the years [31]. State-of-the-art open
source models such as NeMo [17] and Pyannote [4] achieve
diarization error rates (DER) as low 9% on multi-party adult
conversations. Based on our analyses, the same models,
however, perform significantly worse on classroom data off-
the-shelf (52-62% DER). Research remains limited on di-
arization systems that tackle the challenges of noisy class-
rooms [40, 15]. While recent efforts have made significant
progress using fine-tuning and speaker enrollment [40], these
experiments are challenging to replicate due the privacy of
validation data, and difficulty to obtain clean voice samples
in many real world classroom environments, which are re-
quired for speaker enrollment.

This paper systematically explores Nvidia’s NeMo multi-
stage speaker diarization model [17], a cutting edge open-
source model that does not require speaker enrollments, and
seeks to adapt it to noisy classroom environments. We im-
plement and evaluate the diarization pipeline, incorporate
denoising techniques, and adapt the Voice Activity Detection
(VAD) and speaker embedding models. Additionally, we in-


https://doi.org/10.5281/zenodo.15870278

troduce a hybrid VAD approach that combines frame-level
VAD outputs with word-level timestamps from Whisper’s
ASR model [32]. We apply these models to two datasets:
ClassBank [21], an open-source dataset of noisy classroom
recordings to enable replicability, and M-Powering Teachers
(MPT), a private dataset of higher quality classroom record-
ings.

We conduct experiments to separate teacher vs student speech,

and to separate all speakers. Our results show that denoising
significantly improves DER by reducing the rate of missed
speech. Additionally, training on both denoised and noisy
datasets leads to substantial performance gains in noisy con-
ditions. Using the hybrid VAD model, we observed further
improvements in speech detection, achieving a DER as low as
17% in teacher-student experiments and 45% in all-speaker
experiments. We also identified trade-offs between VAD per-
formance and speaker confusion. Our qualitative error anal-
yses indicate that, shorter speech segments from students
contribute the most to diarization errors, whereas errors are
more uniform across segment durations for teachers. To fa-
cilitate further research in this domain, we released our code
publicly.

2. RELATED WORK

2.1 Speech Recognition in Classroom Settings
Prior studies have highlighted challenges in achieving accu-
rate transcriptions in noisy classrooms. Both Southwell et
al. [37] and Cao el al. [6] evaluated multiple ASR engines
for transcribing recordings of student classroom discourse
and found high Word Error Rates (WER) across all sys-
tems. Similarly, Dutta et al. [12] focused on preschool en-
vironments and achieved WERs ranging from 28% to 47%
across different classroom activities. Kelly et al. [20] used
ASR to identify authentic questions in the classrooms to
support better teaching initiatives. Sun et al. [38] proposed
a new automated framework that achieves a 15% WER in
preschool classrooms using a combination of ALICE [34]
for speaker classification and Whisper [33] for transcrip-
tion. Our paper introduces a hybrid approach that inte-
grates frame-level VAD and ASR outputs to enhance VAD
performance, showcasing a use of ASR outputs that will fur-
ther benefit from advancements in ASR models.

2.2 Speaker Diarization in Classroom Settings
Shifting to diarization, Wang et al. [40] developed a system
combining ECAPA-TDNN [10] embeddings with Whisper
ASR and speaker enrollments to achieve a DER of 34.46%
in noisy classrooms. Goémez et al. [15] introduced vir-
tual microphone arrays to enhance speaker identification
in group discussions and outperformed services like Google
Cloud [16] and Amazon AWS [1]. Dubey et al. [11] pro-
posed an unsupervised system for peer-led team Learning
sessions which utilized online speaker change detection and
Hausdorff-distance-based clustering to improve DER. More-
over, Cénovas and Garcia Clemente [5] integrated speaker
diarization with non-verbal discourse feature extraction (such
as participant speaking ratio, average pause duration, etc)
to analyze classroom interactions and distinguish between

'Code available at https://github.com/EduNLP/
nemo-multistage-classroom-diarization

teachers and students. Similar to Wang et al. [40], this pa-
per utilizes a multi-stage speaker diarization pipeline in an
effort to improve DER in noisy classrooms. However, due to
the lack of speaker enrollments in our datasets, we propose
alternative methods that do not rely on clean voice samples.

2.3 Novel Approaches to Speaker Diarization
Recent advances in speaker diarization have introduced sev-
eral innovative methods. Fujita et al.’s [13] SC-EEND model
improves DER for multi-speaker scenarios using a speaker-
wise chain rule. Gomez et al’s [15] virtual microphone
approach enhances diarization in noisy classrooms without
extensive training data. Kanda et al. [19] introduced the

Transcribe-to-Diarize method that enables end-to-end speaker-

attributed ASR for an unlimited number of speakers. Since
research into diarization in classrooms remains heavily lim-
ited, we begin with evaluating and adapting simpler and
widely used open source approaches.

3. DATA

This study utilized two datasets: ClassBank [21] and the M-
Powering Teachers (MPT) Data [2]. These datasets provide
~60 hours of speech recordings that reflect various classroom
environments, speaker demographics, and noise conditions.

3.1 ClassBank Dataset

The ClassBank dataset [21] is a publicly available dataset
that provides access to transcribed filmed interactions in a
variety of classrooms. Topics include science, mathemat-
ics, medicine, and reading. It captures interactions among
students and instructors starting from third grade all the
way to medical school. We filtered the dataset for English
classroom recordings and for fully-annotated files resulting
in 44 hours of audio recordings (322 files). We divided the
files into a 33-hour training set (257 files), a 5.5-hour de-
velopment set (32 files), and a 5.5-hour test set (33 files).
Each recording averages 10 minutes in duration, with 1 to
19 speakers per session. The data includes manual transcrip-
tions with speaker-segment level timestamps. We selected
this data for its public availability and representation of var-
ious classroom settings, which makes it a valuable resource
for research on classroom ASR and diarization.

3.2 M-Powering Teachers (MPT) Dataset

The MPT Dataset [2] is a private dataset that comprises
6 hours of classroom audio (12 files) where the teacher and
students interact with each other. The recordings come from
six 5-8th grade math classrooms across three schools in Cal-
ifornia, Ohio, and Washington D.C. The selected schools
span private, charter, and public schools that serve different
communities including White, Asian, and African-American
students from various socio-economic backgrounds. This
data includes manual transcriptions with speaker-segment
level timestamps. We split the recordings into a 3.5-hour
training set (7 files), a 1-hour development set (1 file), and
a 1.5-hour test set (4 files). The test set includes one full-
hour recording and three ten minute segments sampled to
represent various classroom engagement phases across mul-
tiple transcripts. We ensured there was no data leakage by
excluding those segments from the training set. In contrast
to ClassBank, these recordings have a longer average dura-
tion of 48 minutes per session, featuring 11 to 18 speakers.



As the audio was recorded with high-quality equipment to
produce data for classroom transcript analysis, the data con-
tains lower noise levels than ClassBank.

3.3 Denoising Audio

Comparison of Noisy and Denoised Audio Waveforms
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Figure 1: Noisy (red) vs. Denoised (purple) speech segment
comparison

Removing noise from audio is a difficult task, leading to
several possible approaches [43, 44, 42, 36]. We employed
Sainburg et al.’s noise reduction algorithm [35] for audio pre-
processing. This algorithm effectively minimizes background
noise (see Figure 1) and improves overall speech clarity. We
first experimented with denoising audio at inference time,
to estimate its effects on DER. We observed that denois-
ing inadvertently suppressed children’s speech segments due
to the nature of the audio recording setup. Since the mi-
crophone was positioned closer to the teacher, the voices of
many students, particularly those seated at the back of the
classroom, were recorded at significantly lower volumes. As
a result, during denoising, these low-amplitude speech sig-
nals were often removed, which led to the unintended loss of
student contributions. Thus, instead of applying denoising
at inference time, which showed poor results after training
models, we used this technique as a data augmentation tool:
we included both the original and denoised versions of each
audio recording to create a more robust training dataset.
Our final training set included approximately 70 hours of
audio, which combined recordings from the ClassBank and
MPT dataset training splits along with their denoised coun-
terparts.

4. DIARIZATION ARCHITECTURE

Our model architecture customizes NeMo’s multi-stage di-
arization pipeline [23]. Given an input audio file, this pipeline
generates timestamps for detected speech segments and as-
signs a speaker label to each segment. Segments are defined
as continuous audio clips containing speech that are defined
by start and end timestamps. The pipeline is structured into
three key modules, as illustrated in Figure 2: Voice Activity
Detection, Speaker Embedding Extraction, and Clustering.
Unlike end-to-end models, this multi-stage approach allows
us to optimize individual components, identify which stage
contributes most to errors, and swap in custom models to
improve performance.

4.1 Voice Activity Detection

Voice Activity Detection (VAD) identifies where speech oc-
curs in the audio. We evaluated four VAD approaches:
segment-wise VAD, frame-wise VAD, speech recognition mod-
els as VAD, and a hybrid method combining ASR and frame-
level VAD outputs. We measure performance using missed
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Figure 2: NeMo Multi-Stage Diarization Architecture

detection rate (MISS) and false alarm rate (FA). Missed de-
tection occurs when the VAD fails to detect a speech seg-
ment, whereas false alarm happens when non-speech regions
are mistakenly classified as speech.

4.1.1 Segment-wise VAD

Segment-wise VAD predicts whether an entire audio seg-
ment contains speech. First, the audio is split into over-
lapping segments (0.63s segments with 0.01s shift). Each
segment is fed into the VAD model for a speech probability,
then the overlapping predictions merge to yield frame-level
predictions. We used NeMo’s default segment-wise mod-
els: VAD Multilingual MarbleNet [28], VAD MarbleNet [26],
and VAD Telephony MarbleNet [29], which are CNN-based.
VAD Multilingual MarbleNet performed best, so we fine-
tuned it on our training data to tailor it to classroom audio.

4.1.2 Frame-wise VAD using Wav2vec

Frame-wise VAD generates a speech probability for each
20ms frame. We used NeMo’s default Frame-VAD Multi-
lingual MarbleNet [27] and also trained a custom VAD with
Wav2vec 2.0 (w2v2) [3]. We added a linear classification
head to w2v2 for predicting speech frames, experimenting
with two variants: Robust-Large [18], with 300 million pa-
rameters designed for robustness in noisy environments, and
CPT-Boosted w2v2 [2], a model that was further pre-trained
on noisy classroom recordings. Each variant was tested un-



der two training schemes: (1) training only the classifier and
(2) training both w2v2 and the classifier. We labeled frames
via ground-truth Rich Transcription Time Marked (RTTM)
files (20ms per frame) and used identical training configu-
rations (10 epochs, learning rate le-4). During training, we
used 2s windows with a 0.25s stride in frames to capture
temporal dependencies while maintaining fine-grained reso-
lution. We selected checkpoints based on the best F1 on the
validation set. Training both the base model and classifica-
tion head generally yielded the highest performance, though
gains were marginal over training only the classifier.

4.1.3 Speech Recognition Models as VAD

Whisper [33] is an open-source ASR model that provides
word-level timestamps. We converted these to frame-level
VAD outputs by labeling all frames within detected word
timestamps as speech. We used Whisper’s large-v2 model,
which is pre-trained on 680k hours of labelled data, and
large-v3 model, which was trained on 1 million hours of
weakly labeled audio plus 4 million hours of pseudo-labeled
audio.

4.1.4 Hybrid VAD: Combining Frame-wise VAD and

Whisper
Frame-wise VAD yielded low MISS but high FA, while Whis-
per had lower FA but higher MISS. We therefore combined
their frame-level outputs into a hybrid model. For each
frame i, we computed a weighted sum of the predictions
from both models using the following formula:

Y; = « - frame-vad; + (1 — «) - whisper;

(1)

The parameter « controlled the balance between the two
models, allowing us to fine-tune the influence of each VAD
system.

4.1.5 VAD Thresholds

Thresholds determine how a model classifies speech vs. non-
speech frames. We tuned the onset threshold (probability to
classify a frame as speech), the offset threshold (probability
below which a previously classified speech frame is reclas-
sified as non-speech), and the weighting parameter . We
tested onset values from 0.3-0.9, offset from 0.1-0.8, in in-
crements of 0.05, and identified the best performing combi-
nations with and without Whisper integration. Combining
frame-wise VAD with Whisper-derived timestamps reduced
both FA and MISS.

4.2 Speaker Embedding Extraction

Speaker embedding extraction converts VAD-detected speech
segments into fixed-length vectors, (speaker embeddings),
capturing speaker-specific characteristics. These embeddings
are used in clustering, with better embeddings yielding fewer
speaker confusions. We tested three NeMo speaker embed-
ding models: TitaNet-Large [25], ECAPA-TDNN [22], and
SpeakerNet [24]. TitaNet-Large performed best; however,
fine-tuning it on our data degraded performance (perhaps
due to overfitting to a small sample), so we used the pre-
trained version.

Embedding extraction balances speaker quality and times-
tamp granularity: longer segments improve speaker repre-
sentations but offer coarser labeling. Traditional systems
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often use segments of 1.5-3.0s, but this reduces precision in
speaker counting. NeMo addresses this by using a multi-scale
segmentation strategy (Figure 3), extracting embeddings at
multiple segment lengths and combining them for better ac-
curacy [23]. This approach improves performance in short
utterances, which is particularly useful in classroom envi-
ronments where students especially talk for short periods.
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Figure 3: Illustration of NeMo’s multi-scale segmentation ap-
proach for speaker embedding extraction [23].

4.3 Clustering

Clustering is the final step in the diarization pipeline, which
groups speaker embeddings based on speaker identity. It
applies spectral clustering on embeddings extracted from
speech segments and assigns labels by similarity.

This process can either predict the number of speakers au-
tomatically or use a predefined (oracle) number of speakers.
We found that automatic speaker prediction often led to im-
balanced clusters, with the model favoring dominant speak-
ers while underrepresenting others. To ensure more accurate
speaker assignments, we used the oracle number of speak-
ers for clustering. So, for our teacher-student experiments,
number of speakers was set to 2, and for all-speaker exper-
iments, the number of speakers was set to the groundtruth
number of speakers for that respective recording.

S. EXPERIMENTS AND RESULTS

We conducted experiments to separate teacher-student speech
and separate speech from all speakers. To evaluate diariza-
tion performance, we use diarization error rate (DER), which
is calculated as the sum of false alarm (FA), missed detection
(MISS), and confusion error rate (CER):

DER = (FA+MISS+CER)/Total Speech Duration (2)

5.1 Effects of Denoising on DER

We first evaluated the out-of-the-box (ootb) configuration of
NeMo. As mentioned in 4.1.1 and 4.2, we used VAD Mul-
tilingual MarbleNet [28] for voice activity detection (VAD)
and TitaNet-Large [25] for speaker embedding extraction.
To assess the impact of denoising, we ran tests on both noisy
and denoised datasets.

Unsurprisingly, the teacher-student setup outperformed the
all-speaker setup (see Table 1) because of the disparity in
number of speakers. Denoising improved DER more for
ClassBank than the MPT dataset, likely because ClassBank
had noisier recordings that benefited more from noise re-
duction. While denoising significantly reduced MISS, it also



ClassBank
Speakers | Audio Model | DER FA MISS CER
Two Noisy NeMo 50.5 7.0 39.4 4.2
Denoised  NeMo 36.7 13.9 11.4 11.4
All Noisy NeMo 64.6 7.0 39.4 18.3
Denoised  NeMo 58.1 13.9 114 32.8
MPT
Speakers| Audio Model | DER FA MISS CER
Two Noisy NeMo 33.2 1.1 29.6 2.5
Denoised  NeMo 26.8 8.8 11.7 6.4
All Noisy NeMo 71.3 1.1 29.6 40.6
Denoised  NeMo 82.2 8.8 11.7 61.7

Table 1: Evaluating the utility of inference-time denoising
using NeMo out-of-the-box model.

increased FA which suggests that some noise was misclassi-
fied as speech. The confusion errors were higher in denoised
datasets compared to their noisy counterparts. When our di-
arization system detects more speech, it provides the speaker
embedding model with more data to process. However, it
also increases the chances of incorrect speaker assignments.
This highlights a trade-off, that we notice throughout all
our experiments, between better speech detection and ac-
curate speaker assignments. Building on these findings, we
augment the training data with denoised data for all down-
stream experiments, but do not use denoising at inference
time to mitigate speaker confusion errors.

5.2 Effects of Data Augmentation on DER

As mentioned in Section 3.3, rather than applying denois-
ing at inference time, we used it as a data augmentation
strategy. We included both the original and denoised ver-
sions of each audio recording to create a more robust train-
ing set. We then finetuned NeMo’s VAD Multilingual Mar-
bleNet model [28] with and without this augmentation. We
observed improvements in DER for both the ClassBank and
MPT datasets for the teacher-student experiments, with
MPT showing a particularly notable improvements (see Ta-
ble 2). However, performance slightly degraded in the all-
speaker experiments. Since our error analysis in Section 5.5
focused on the Teacher-Student experiments, we chose to
proceed with data augmentation in all subsequent experi-
ments.

Dataset Data Augmentation TS DER  AS DER

ClassBank Yes 33.1 51.2
No 33.2 49.5

MPT Yes 22.5 74.4
No 26.7 73.5

Table 2: Diarization results from finetuning the VAD Multi-
lingual MarbleNet model with and without data augmenta-
tion evaluated on Teacher-Student (TS) and All-Speaker (AS)
experiments.

5.3 Comparing state-of-the-art model perfor-

mances in classrooms
We tested NeMo’s diarization model [23] and Pyannote [4]
on our classroom datasets (see Table 3). These state-of-
the-art (SOTA) diarization models serve as strong base-
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lines. For NeMo, we used the best results from our de-
noising experiments, while Pyannote showed no noticeable
improvement after data augmentation with denoising. This
suggests that, unlike multi-stage diarization models, neu-
ral diarization models might not benefit significantly from
pre-processing techniques like denoising. This is likely be-
cause end-to-end models learn noisy features directly from
raw audio, which reduces the need for external denoising.
We decided to prioritize NeMo because it showed better per-
formance on teacher-student experiments, which allowed for
more comprehensive error analysis on teacher-student class-
room dynamics.

Dataset Model TS DER AS DER

ClassBank NeMo 36.7 58.1
Pyannote 45.4 60.1

MPT NeMo 26.8 71.3
Pyannote 32.9 54.6

Table 3: Baseline diarization results for out-of-the-box NeMo
and Pyannote models on Teacher-Student (TS) and All-
Speaker (AS) experiments.

5.4 Effects of VAD models on DER

Table 4 presents the best-performing VAD configurations.
As our baseline, we use NeMo’s best performing VAD model,
VAD Multilingual MarbleNet [28], after hyperparameter tun-
ing. Similarly to the denoising experiments, we use NeMo’s
Titanet-Large [25] as the primary speaker embedding model
in all experiments below.

5.4.1 Impacts of Finetuning Baseline VAD

As mentioned in 3.3, we fine-tuned VAD Multilingual Mar-
blenet on our training set that contained both denoised and
noisy audio recordings. After running evaluations on our
noisy test set, the fine-tuned model consistently performs
equal to or better than the tuned Nemo VAD (Table 4) by
reducing missed detection rates while keeping false alarms
low. This makes the fine-tuned model a more reliable choice
for diarization in both two-speaker and all-speaker settings.

5.4.2  Impacts of Continued Pre-Training (CPT)

As mentioned in 4.1.2, we trained custom VAD models using
two variants of Wav2vec 2.0 (w2v2) [3]: Robust-Large [18]
and CPT-Boosted on classroom data [2]. As shown in Ta-
ble 4, the CPT-Boosted w2v2 VAD marginally outperforms
the Robust-Large w2v2 VAD on the ClassBank dataset [21]
in our two-speaker experiments. However, the Robust-Large
w2v2 VAD outperforms the CPT-Boosted model at almost
every other experiment, including two-speaker and all-speaker
experiments using the MPT [2] and even all-speaker exper-
iments using the ClassBank dataset. This shows us that
while CPT-Boosted w2v2 models perform well in classroom
speech recognition tasks [2], those performance gains don’t
translate to improved VAD performance.

5.4.3 Impacts of incorporating ASR timestamps

As mentioned in 4.1.3, we combined word-level timestamps
from Whisper ASR with frame-wise VAD outputs to balance
the complementary advantages of each approach. We used
Whisper large-v3 for the ClassBank dataset and large-v2 for
the MPT dataset, because these were the best-performing



models for each respective dataset. We use this hybrid VAD
approach on two of our best-performing models on each
dataset. We see DER improvements of up to 5.6% using
this hybrid VAD method. The primary reasons for this per-
formance boost are the model’s improved ability to detect
speech segments while minimizing false alarms. As men-
tioned in 5.1, we noticed confusion error rates increase when
VAD performance improves, and vice-versa. As a result, we
had to find a balance between the two metrics to obtain the
best DER results. In the future, we might expect more dras-
tic improvements in DER with better performing ASR and
VAD models tailored for noisy classrooms.

5.4.4 Trade-offs of different VAD methods

In this work, we employ several tactics using differing model
architectures to do VAD. The performance varies, with the
addition of leveraging Whisper timestamps improving per-
formance, the additional computational overhead could be
limiting in some cases. Finetuning the VAD Multilingual
MarbleNet model is sure to improve performance and if com-
putation allows, incorporating Whisper will surely improve
results.

ClassBank
Model | TS DER | AS DER
NeMo 36.7 58.1
+ Fine-tuned Multilingual Marblenet 30.5 48.9
+ Whisper 29.9 45.4
+ CPT-Boosted w2v2 30.8 49.1
+ Whisper 29.6 46.5
+ Tuned Multilingual Marblenet 31.0 49.1
+ Robust-Large w2v2 31.6 48.4
+ Whisper VAD 36.3 50.8
+ Frame-VAD Multilingual Marblenet 42.7 63.4
MPT
Model | TS DER | AS DER
NeMo 26.8 71.3
+ Robust-Large w2v2 21.7 50.0
+ Whisper 17.4 44.4
+ Fine-tuned Multilingual Marblenet 21.0 47.7
+ Whisper 18.1 46.3
+ Tuned Multilingual Marblenet 24.4 74.1
+ Whisper VAD 24.3 64.2
+ CPT-Boosted w2v2 26.2 68.9
+ Frame-VAD Multilingual Marblenet 30.4 64.2

Table 4: Diarization results for Teacher-Student (TS) and
All-Speaker (AS) experiments using variations of the NeMo
diarization model with different VAD configurations. The
table presents diarization error rates (DER) for models tested
on the ClassBank and MPT datasets, showcasing the impact
of hyperparameter-tuning, fine-tuning, and VAD selection.

5.5 Qualitative Error Analysis

Relationships between diarization error metrics. We fo-
und that DER has a strong correlation with VAD perfor-
mance (calculated using the sum of FA+MISS) both within
teacher-student experiments (Spearman p= 0.96, p < 0.001)
and within all speaker experiments (p = 0.94, p < 0.001).
The strong correlation between VAD and DER underscores
the importance of improving VAD for enhancing diarization
performance. In contrast, CER has a weak correlation with
DER in both setups (TS: p=-0.08, p = 0.83; AS: p =-0.12,
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ClassBank | Student | Teacher
Type | Long Medium Short | Long Medium Short
CER 4.3 7.1 14.8 16.5 10.5 14.7
FA 2.1 2.1 3.1 2.2 1.4 6.5
MISS 0.1 0.0 0.6 0.0 0.0 0.5
Correct 93.5 90.8 81.6 81.3 88.1 78.3
Ratio | 14.3 26.8 58.9 | 22.3 35.2 42.5
MPT | Student | Teacher
Type | Long Medium Short | Long Medium  Short
CER 3.6 7.2 46.3 1.2 1.9 11.1
8.9 14.5 17.3 2.9 20.2 40.1
MISS 0.0 1.4 1.4 0.0 0.0 0.0
Correct 87.5 76.8 34.9 95.9 77.9 48.8
Ratio | 117 14.5 73.8 | 39.0 23.9 37.2

Table 5: Error distributions for teacher-student experiments
by speaker role and segment duration across ClassBank and
MPT datasets. Segments are categorized as short (<2s),
medium (2-5s), or long (>5s). For each category, the table
presents the percentage of Confusion Error Rate (CER), False
Alarm (FA), Missed Detection (MISS), and Correct classifi-
cations — the percentages within each column sum to 100%.
The Ratio row indicates the distribution of each duration cat-
egory within each speaker role in each dataset (row sums to
100).

p = 0.73), likely because we did not vary the speaker em-
bedding model and thus its performance within each setup
is largely contingent on the outputs of VAD. When we look
across experiments, the important contribution of CER be-
comes evident: the mean CER increases considerably from
two-speaker to all-speaker experiments (9.2 vs. 29.8), which
in-turn also increases mean DER from 32.3 to 53.3. This
highlights the need to improve speaker embedding models,
especially when distinguishing more than two speakers in
classroom contexts.

Relationship between segment duration and diariza-
tion errors. The data from Table 5 demonstrates clear re-
lationships between segment duration and diarization ac-
curacy for both student and teacher speech. For student
speech, diarization accuracy decreases consistently as seg-
ments become shorter. For MPT, this drop is especially
stark: while 87.5% of long segments are assigned correctly,
only 34.9% of short segments are. This reduced perfor-
mance for student speech is largely due to an increase in
confusion errors (CER) for short segments vs long segments
(14.8% vs 4.3% in ClassBank, 46.3% vs 3.6% in MPT). False
alarms (FA) remain relatively stable across segment lengths
for students (2.1-3.1%) in ClassBank, but increases notably
for MPT as segments become shorter. Missed detections
(MISS) are notably low across all categories for both teach-
ers in students in both datasets < 1.4, suggesting that the
main challenges lie in speaker confusion and false alarms
rather than failure to detect speech.

In MPT, teacher speech exhibits a similar pattern to student
speech (although with better overall performance): CER
and FA rates increase consistently as segment duration gets
shorter. The jump in FA is particularly drastic for teach-
ers in MPT, from 2.9% in long segments to 40.1% in short



segments. However, ClassBank shows a slightly different
trend, with medium-length segments achieving higher accu-
racy (88.1%) than long segments (81.3%). This is due to
both CER (10.5%) and FA (1.4%) being lowest in medium
teacher segments.

The ratio distribution indicates that short segments con-
stitute a substantial portion of both datasets (58.9% for
students, 42.5% for teachers in ClassBank; 73.8% for stu-
dents, 37.2% for teachers in MPT). This analysis overall
highlights the importance of improving diarization perfor-
mance for short segments, especially for children speech.

6. CONCLUSION AND FUTURE WORK

Speaker diarization systems play a crucial role in analyzing
classroom interactions by distinguishing individual speakers
and teacher-student dynamics. This technology offers valu-
able insights into communication patterns, student engage-
ment, and instructional effectiveness, enabling educators to
refine teaching strategies for more interactive discussions.

This paper demonstrates the effectiveness of multi-stage di-
arization models in addressing challenges in noisy classroom
environments. Denoising reduces missed speech detections,
while training on both denoised and noisy datasets enhances
robustness. The hybrid VAD model, which combines ASR-
based timestamps with frame-wise VAD outputs, achieves
Diarization Error Rates (DER) as low as 17% on separat-
ing teachers vs student speech, showing performance gains
of 9% compared to a strong baseline model. This approach
introduces the potential of integrating ASR outputs with
VAD models for improved performance in speech detection.

Despite these advancements, challenges still remain in cor-
rectly identifying speech segments and assigning the correct
speakers to each segment. Future work should focus on re-
fining speaker embedding models and experimenting with
end-to-end neural-diarization models such as Pyannote [4]
and [13]. Integrating language information into diarization
pipelines (e.g. via an integrated ASR+diarization system)
and training on additional data from noisy classrooms may
further improve the performance of diarization models in
real-world classrooms. Additionally, there should be an em-
phasis on enhancing the detection of short speech segments,
particularly for students, as our analysis identifies this as a
key limitation in existing classroom diarization systems.

7. PRACTICAL IMPLICATIONS

The hybrid pipeline results in speaker-attributed transcripts
which may be accurate enough to support downstream ana-
lytics such as the calculation of teacher-student talk ratios.
These analytics enable tools like TeachFX?, TalkMoves [39]
or M-Powering Teachers [8] to surface insights to teachers or
coaches without costly manual annotation. The fact that our
pipeline can be hosted “in house” on a tool’s server also helps
protect teacher and student privacy. However, the separa-
tion of all speakers (i.e. student voices) still has significant
room for improvement. As diarization accuracy continues to
improve—particularly for short student turns—these class-
room analytics can expand to finer-grained tasks such as
identifying brief student responses to teacher questions, and

2yww.teachfx.com

479

separating student voices and monitoring balance in group
work contexts.

8. LIMITATIONS

Our data is drawn from English-speaking classrooms, is a
relatively small sample drawn from particular teacher and
student populations, and was recorded often with high-quality
equipment. The generalizability of our findings to other
classroom data contexts remains to be tested. Our data also
lacks voice enrollment information, which makes the diariza-
tion task significantly more challenging. Different methods
may perform better on data where speaker voice samples are
available.
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