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Speaker diarization and Automatic Speech Recognition (ASR) are traditionally evaluated as independent
components. A particular use case, is practical meeting transcription that requires the seamless integration of
accurate speaker segments and reliable speaker-attributed text. This paper presents a modular offline pipeline
for speaker-attributed meeting transcription that integrates Pyannote for diarization, Whisper for ASR, and
a constrained open-weight Large Language Model (LLM) for transcript refinement. The evaluation of the
proposed solution is conducted using the AMI Meeting Corpus. We use a rigorous methodology that converts
manual annotations into time-aligned speaker activity segments and reference transcripts. This enables a multi-
dimensional performance analysis using standard metrics, including Diarization Error Rate (DER), Jaccard Error
Rate (JER), Word Error Rate (WER), and concatenated minimum-permutation Word Error Rate (cpWER). The
post-processing stage is formulated as a constrained correction task, where small, instruction-tuned models
are deployed locally to ensure data privacy and eliminate reliance on proprietary APIs. These models are
restricted to conservative corrections, specifically targeting speaker-attribution inconsistencies and repetitive
ASR artifacts. Our experimental results demonstrate that while unconstrained LLM post-processing effectively
reduces repetitions, it often compromises lexical fidelity. Conversely, our proposed conservative validation
and acceptance filtering mechanism maintains WER and cpWER parity with the baseline while significantly
mitigating transcript artifacts. Our findings suggest that local, open-weight LLMs are more effective as selective
verification modules than as autonomous rewriters in high-fidelity transcription systems.

1. Introduction

Traditionally, speaker diarization, is defined as the task of deter-
mining “who spoke when” as mentioned in [1,2]. It represents only
a partial solution for automated meeting transcription. High-utility
systems must bridge the gap between segmentation and recognition to
resolve the “who said what” challenge through speaker-attributed text.
In realistic multi-speaker environments, this joint problem is not trivial.
The complexity comes from the cascading interactions between diariza-
tion imprecision [3], fragmented utterances, and Automated Speech
Recognition (ASR) instability, in particular, the emergence of repetitive
artifacts and attribution errors that compromise transcript readability.
There are already some state-of-the-art tasks, such as ASR [4], for
extracting text, and Speaker Segmentation for assigning timestamps to

each speaker. The main limitation of this approach is that it must be
combined with other methods to extract meaningful information from
meetings or calls.

There are only two types of Speaker Diarization: offline and live.
The offline type is useful when there are hours of recording and
the main objective is to get the transcript from those conversations.
This implies audio features extraction such as Mel-Frequency Cepstral
Coefficients (MFCCs), log-mel spectrograms, or other spectral features
and it utilize libraries such as librosa [5,6] or built-in methods.
Moreover, it implies to normalize and window the features appro-
priately to capture relevant information while minimizing noise and
irrelevant variations. In contrast, live diarization is used when there is
no opportunity to record or when real-time results are needed. This
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diarization type relies on Voice Activity Detection (VAD) [7-9] to
detect and segment the portions of the audio where human speech is
present. To achieve VAD we need to employ VAD models like ‘speech
brain‘ or other pretrained VAD systems to accurately identify speech
segments. and to filter out non-speech segments (silence, noise, etc.).

In general, this type of solution suffers from the reliance on circu-
lar evaluation frameworks that use ASR-generated ground truths. To
address this limitation, we propose in this paper a rigorous evalua-
tion baseline that uses the AMI Meeting Corpus (Augmented Multi-
party Interaction) [10]. By parsing word-level manual transcriptions
and speaker timing data, we derive two distinct reference objects: (i)
speaker-attributed transcripts and (ii) time-aligned speaker activity seg-
ments. This enables a robust, human-centric benchmark for assessing
integrated system performance.

We propose a novel offline modular pipeline for speaker-attributed
meeting transcription. Our approach uses Pyannote-based diarization
with Whisper-based ASR to produce a baseline speaker-attributed out-
put. Moreover, we introduce a constrained post-processing module that
uses open-weight Large Language Models (LLMs). Unlike unconstrained
generative approaches, this module is strictly parameterized to perform
conservative candidate corrections. The main advantage of this ap-
proach is the fact that it focuses on the mitigation of speaker-attribution
errors and repetitive ASR artifacts while maintaining maximum lexical
fidelity.

Meeting information ranges from public to sensitive, and cloud-
based solutions could lead to information leakage. A viable solution is
to use small, instruction-tuned open-weight models that eliminate the
privacy risks associated with proprietary APIs. Other benefits of this
approach are: (i) reproducibility, (ii) cost, and (iii) data sovereignty.
Furthermore, this approach facilitates systematic experimentation with
prompting and validation strategies within controlled computational
environments, which provides a scalable and secure framework for
high-fidelity meeting transcription.

Our proposed system improves the performance of speaker diariza-
tion and text extraction by improving the following metrics: Diarization
Purity [11], Diarization Coverage (for the text) [12-14], Word Diariza-
tion Error Rate (WDER) and Concatenated Minimum-Permutation Word
Error Rate (cpWER).

The original contributions of this paper are as follows:

» Design a robust evaluation framework: we design the evalua-
tion protocol for speaker-attributed transcription using manually
annotated data from the AMI Meeting Corpus. This approach
mitigates the circular dependencies introduced by ASR-generated
ground truths.

Develop a modular transcription pipeline: we develop an of-
fline architecture that orchestrates Pyannote-based diarization
and Whisper-based ASR, unified by an LLM-driven refinement
stage specifically optimized for speaker attribution.

Design and implement constrained edit formulation: We use LLMs
for post-processing as a constrained editing task. By implementing
a validation stage that rejects over-modified or invalid outputs,
the system prioritizes lexical preservation and limits the model to
conservative, but also high-confidence corrections.

Propose a privacy-centric local inference: We measure the effi-
ciency for small, open-weight instruction-tuned models as viable
alternatives to proprietary APIs. This approach enhances local
reproducibility, minimizes operational costs, and ensures data
sovereignty for sensitive meeting content.

Conduct comprehensive multi-metric assessment: the system is
evaluated using an exhaustive suite of metrics, including DER,
JER, WER, cpWER, Purity, and Coverage, with explicit algorith-
mic handling of speaker-label permutation to ensure statistical
accuracy.
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Our solution focuses on offline speaker-attributed transcription for
streaming environments. Real-time diarization under strict latency con-
straints is deferred to future research.

The remainder of this paper is organized as follows. In Section 2,
we review the state of the art in diarization, ASR, and LLM-based
refinement. In Section 3, we detail the proposed pipeline architecture.
In Section 4, we describe the experimental setup, the dataset, and
evaluation metrics, while in Section 5, we present a critical analysis of
the obtained results. Finally, in Section 6, we conclude with directions
for future work.

2. Related work

Compared to existing research, the findings showcase novel ap-
proaches to VAD that incorporate advanced techniques such as data
augmentation, hyperparameter optimization, and the integration of
multilingual speech corpora. These methodologies represent a forward-
thinking perspective that addresses evolving challenges in speech pro-
cessing.

Although speaker diarization applies in applications such as meeting
transcription, conversational interaction analysis, and audio indexing,
there is still much to improve in various areas. One important research
issue is the integration of speaker diarization with VAD [15] systems
to create joint frameworks that perform better than modular systems.
Another research challenge is to deal with speaker overlapping [16]
in the diarization process by implementing the application of speech
separation, post-processing, and joint modeling of speech separation
and speaker diarization.

The third important research area is the online processing of speaker
diarization [17], as many speaker diarization methods require the
entire recording to perform speaker diarization, whilst applications
such as meeting transcription require very short latency for assigning
the speaker.

The preliminary results outlined in previous research demonstrate
a notable degree of novelty and relevance for high-accuracy, real-
time speech voice detection at national and international levels [18].
These results contribute to advancing the field by introducing in-
novative methodologies and demonstrating significant improvements
in VAD. These findings are particularly significant given the diverse
range of models, algorithms, and pipelines. The various models used,
including SpeechBrain, Picovoice [19], WebRTC [20], and In a Speech
Segmenter [21], highlight the breadth of approaches. Each model rep-
resents a cutting-edge advancement in the field, with distinct strengths
and limitations.

Using Whisper, a generative model, presents a significant problem
because of its propensity to have hallucinations when speaker segmen-
tation is not ideal. As a result, the words of the next speaker may be
mistakenly identified with the present one [22].

Text extraction and speaker diarization are mostly hampered by
the datasets and corpora on which the system was built. In [23], the
authors discuss the Broadcast News (BN) domain, where speech is
recorded in two locations: a quiet studio and a noisy field. The record-
ings are done using boom or lapel microphones. On the other hand,
desktop, telephone, or single microphones are typically used to record
meetings since they are more user-friendly than head-mounted or lapel
microphones. Consequently, BN data often have a higher signal-to-noise
ratio than meeting recordings. Furthermore, variations in recording
quality might result from variations in meeting room layouts and micro-
phone locations, such as background noise, reverberation, and varied
speech volumes (depending on the speakers-microphones distance) or
speakers overlapping.

Another important research challenge in speaker diarization is man-
aging overlapping speakers. Several recent studies produced positive
findings for this task. By employing a novel Two-stage OverLap-aware
Diarization framework (TOLD) [24] that involves a speaker overlap-
aware post-processing (SOAP) model to iteratively refine the diariza-
tion results of EEND-OLA [25], this one was able to achieve a 14.39%
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Fig. 1. Architecture of the proposed processing pipeline: (i) data ingestion, (ii) diarization-transcription output construction, (iii) application of constrained
language-model post-processing and (iv) output validation using WER, cpWER, DER, JER, Purity and Coverage metrics.

relative improvement in terms of Diarization Error Rates (DER). Thus
far, the most successful method has been end-to-end neural diariza-
tion using an attractor based on encoder—decoder [26], which is also
effective for an unspecified number of speakers.

Models such as SpeechBrain [27] have demonstrated high recall
and precision, indicating their ability to detect speech segments while
minimizing false positives and negatives. However, challenges persist
in noisy or overlapping speech scenarios, highlighting areas for further
improvement.

In general, the existing findings represent a significant contribu-
tion to the field of speech voice detection. They offer valuable in-
sights and methodologies that advance the state-of-the-art in real-time,
high-accuracy speech processing applications.

3. Proposed pipeline for speaker diarization

Given an input meeting recording, the system first estimates speaker
activity regions using Pyannote. The resulting diarization output con-
tains time intervals and anonymous speaker labels. Each diarized seg-
ment is then passed to Whisper for automatic speech recognition. The
segment-level ASR outputs are concatenated into a speaker-attributed
transcript of the form SPEAKER_XX: text.

Finally, the constraint post-processing proposed module uses a lan-
guage model. Unlike free-form transcript rewriting, the language model
avoids introducing new lexical content and applies only conserva-
tive candidate corrections. Its role is limited to correcting speaker-
attribution errors or reducing repetitive ASR artifacts when the sur-
rounding dialogue context suggests that the baseline output is unre-
liable.

The complete processing flow is as follows:

1. Load the meeting audio file as wav files, and their corresponding
manual AMI word-level annotations;

2. Build the speaker-attributed reference transcript and reference
speaker activity segments from the manual annotations as XML
files;

3. Use Pyannote tool to estimate speaker diarization segments;

. Transcribe each diarized segment using Whisper;

5. Build the baseline speaker-attributed transcript from the
Pyannote-Whisper output;

6. Apply constrained language-model post-processing using zero-
shot and one-shot prompts;

7. Validate the language-model output by checking speaker-tag
format and lexical preservation;

8. Evaluate the resulting transcripts using WER and cpWER, and
evaluate speaker segmentation using DER, JER, Purity, and Cov-
erage metrics.

N

We show this conceptual model for the proposed speaker diarization
service in Fig. 1.

Pyannote version 3.1 [28], the latest, outputs the list of speakers
along with their respective start and end times. Whisper utilizes large-
v3 twice: (i) once to transcribe the entire audio and (ii) another

time for each segment provided by Pyannote. Instead of relying on
proprietary closed-source models, this study utilizes the Qwen series
of open-weight, instruction-tuned Large Language Models (LLMs) for
the constrained post-processing of transcripts. The selection of the
Qwen architecture is motivated by its superior instruction-following
benchmarks and its capacity for local deployment, which ensures exper-
imental reproducibility, optimizes inference costs, and maintains data
sovereignty by eliminating the need for external API calls for sensitive
meeting data.

We specifically evaluate Qwen2.5-3B-Instruct and Qwen2.5-7B-
Instruct [29] to investigate two distinct computational configurations:

» the 3B variant serves as a lightweight baseline suitable for
resource-constrained edge environments;

» the 7B variant offers an enhanced capacity for adhering to com-
plex formatting and conservative correction constraints.

By evaluating models within the same architectural family, we facil-
itate a controlled analysis of how model scaling influences the precision
of speaker-attributed refinement. Furthermore, we assess performance
across both zero-shot and one-shot prompting paradigms to determine
the sensitivity of these local models to in-context demonstrations within
the transcription workflow.

3.1. Pyannote for speaker diarization

Pyannote is a Python library specifically designed for audio analysis
tasks, including Speaker Diarization. It provides tools and pre-trained
models that enable accurate identification and segmentation of speak-
ers within audio data. Pyannote operates effectively on mono audio
samples at 16 kHz and generates segments with annotations. To in-
tegrate Pyannote into our Speaker Diarization pipeline, the following
setup and configuration steps were undertaken:

« Installation: Pyannote was installed using standard Python pack-
age management tools (pip install Pyannote). Dependencies such
as PyTorch were also installed to leverage GPU acceleration for
improved processing speed.

» Model Initialization: the pre-trained diarization pipeline
(Pyannote/speaker-diarization-3.1) was initialized with an au-
thentication token (use_auth_token) for secure access to the
model repository.

Our implementation that integrates Pyannote in the processing
pipeline is based on [30]. The authors demonstrate how to integrate
Pyannote and how to configure it to run on GPU-based systems. The
library allows control over the number of speakers from the outset,
including options to set min_speakers and max_speakers. One important
aspect is the fact that Pyannote allows loading WAV files directly into
memory for faster processing.

The output format is an RTTM file named "sample.rttm", which
is suitable for further analysis and evaluation tasks such as calculating
DER. This provides a comprehensive listing of speaker enumerations as
well.
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Table 1
Comparison of Whisper models.

Size Parameters English-only Multilingual
tiny 39M X X
base 74M X X
small 244M X X
medium 769M X X
large 1550M NaN X
large-v2 1550M NaN X
large-v3 1550M NaN X

3.2. Whisper for text extraction

Whisper [31] is a pretrained model designed for ASR and speech
translation. Trained on 680k hours of labeled data, Whisper models
demonstrate robust generalization across various datasets and domains
without the need for fine-tuning. Whisper offers several model variants
tailored to different tasks: tiny, base, small, medium, large,
large-v2, and the latest, large-v3, which is used in this paper.
In the same article, the authors of present a comprehensive analysis of
Wisper’s model variants emphasizing that model 1arge-v3 has better
performances than model large-v2 (see Table 1).

To integrate Whisper into proposed speaker diarization pipeline, the
following setup and configuration steps were undertaken:

+ Installation: Whisper was installed using the Transformers li-
brary. First, install the Transformers library from the GitHub
repository’;

» Model Initialization: the pre-trained model pipeline was initial-
ized.

For implementing Whisper into out processing pipeline, we used this
code example presented in [32], which demonstrates how to integrate
and run Whisper on GPU for optimized performance. To achieve a bet-
ter GPU utilization we adjust parameters like: temperature, batch size
(batch_size=16), maximum number of tokens used in the model
(max_new_tokens=128), and chunk lengths (chunk_length_s
= 30).

The output is a dictionary containing the resulting text ("text"),
segment-level details ("segments'), and detected language
("language'"), which is automatically identified unless specified oth-
erwise (by using the option decode_options['"language']). In
our case, English is explicitly set as the default language since the
dataset is entirely in English. Whisper’s capability to detect language
dynamically enhances its versatility.

3.3. Integration with language models

The language-model component is used as a post-processing mod-
ule for speaker-attribution correction. The input to the model is the
speaker-attributed transcript generated by the Pyannote-Whisper base-
line. The output is expected to preserve the transcript as much as pos-
sible while improving the assignment of words or utterance fragments
to speaker labels.

The task is intentionally constrained. The model is not asked to
rewrite the transcript directly, but to perform line-level speaker reas-
signment. Each speaker-attributed line is converted into a JSON object
containing a unique line identifier, the current speaker label, and the
corresponding text. The prompt explicitly provides the set of allowed
speaker labels and instructs the model to return only a JSON array
that assigns one of the existing speaker labels to each input line. The
model is not allowed to rewrite the text, add or remove words, merge
or split lines, change punctuation, or invent new speaker labels. If
the model is uncertain, it is instructed to keep the original speaker

1 https://github.com/huggingface/transformers.git
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assignment. This formulation ensures that the lexical content of the
transcript is preserved by construction, while allowing the model to
correct speaker-attribution errors near diarization boundaries.

The system message used for the local LLM was: “You correct only
speaker labels. Return only valid JSON”. The user prompt then specified
the allowed speaker labels and the critical constraints of the task. In
the zero-shot setting, the model receives only these instructions and the
input JSON. In the one-shot setting, the prompt additionally includes
a short example showing how an incorrectly assigned fragment can be
reassigned to the appropriate speaker while preserving the original text.

System:
You correct only speaker labels. Return only valid JSON

User:
You are correcting speaker attribution in an ASR
diarization transcript.

Your task is ONLY to decide which existing speaker
label should be assigned
to each existing line.

Allowed speaker labels:
SPEAKER_00, SPEAKER_01, ..., SPEAKER_NN

Critical rules:

- Do NOT rewrite the text.

- Do NOT add words.

- Do NOT remove words.

- Do NOT merge lines.

- Do NOT split lines.

- Do NOT change punctuation.

- Do NOT invent speaker labels.

- Use ONLY the allowed speaker labels.
- Keep every input id exactly once.

- If unsure, keep the original speaker.
- Return ONLY valid JSON.

Input JSON:

[
{"id": 0, "speaker": "SPEAKER_00", "text": "..."},
{"id": 1, "speaker": "SPEAKER_O1", "text": "..."}

]

Output JSON:

[

"SPEAKER_00"},
"SPEAKER_01"}

"id": 0, "speaker":
"id": 1, "speaker":

]

Listing 1 Constrained speaker reassignment prompt used for LLM
post-processing.

For the one-shot configuration, the same prompt is extended with
an example in which a short fragment initially assigned to the wrong
speaker is reassigned to the adjacent speaker. The example reinforces
the central constraint of the task: the output may modify only the
speaker labels, while the textual content is reconstructed from the
original input lines and therefore remains unchanged.

To improve robustness and reduce context-length issues, long meet-
ing transcripts are processed in chunks. Each chunk contains a fixed
number of speaker-attributed lines. After correction, the chunks are
concatenated to reconstruct the full transcript. Each corrected chunk
is validated before being accepted. If the output does not contain valid
speaker tags or if the lexical content differs excessively from the input
after normalization, the system discards the language-model output and
keeps the baseline transcript for that chunk.

This validation mechanism prevents artificial improvements caused
by paraphrasing, deletion, or hallucination. Therefore, changes in cp-
WER can be interpreted as the effect of conservative post-processing
rather than unconstrained transcript rewriting.

3.4. Evaluation metrics

All word-level metrics are computed against manual AMI refer-
ence transcripts. We report two categories of metrics. First, diarization
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quality is evaluated using Diarization Error Rate (DER) and Jaccard
Error Rate (JER), complemented by Purity and Coverage. Second,
transcription quality is evaluated using Word Error Rate (WER), while
speaker-attributed transcription quality is evaluated using concatenated
minimum-permutation Word Error Rate (cpWER).

While the Diarization Error Rate (DER) provides a convenient
method for comparing different diarization approaches, it often falls
short in fully capturing the types of errors committed by the system.
Our objective is to develop a robust pipeline capable of achieving
speaker diarization and text alignment for each speaker at the word
level. DER and JER are computed using the reference speaker activity
segments extracted from AMI manual annotations and the hypothesis
speaker segments generated by Pyannote. In our experiments, DER
is computed with a collar of 0.0 s and with overlapping speech in-
cluded in the scoring region. Purity and Coverage are reported as
secondary metrics because they provide additional insight into over-
clustering and under-clustering behavior. Purity and Coverage [33] are
two complementary evaluation metrics that offer deeper insights into
system behavior, particularly in correctly identifying speaker clusters.
Word Diarization Error Rate (WDER) [34] and concatenated minimum-
permutation Word Error Rate (cpWER) [35] are micro-level metrics
used to gauge the accuracy of Speech-to-Text (STT) systems.

WER is computed after removing speaker tags from both the refer-
ence and hypothesis transcripts. cpWER is computed by grouping words
by speaker, concatenating each speaker’s transcript, and selecting the
speaker-label permutation that minimizes the global WER. This is nec-
essary because diarization systems assign arbitrary speaker labels, and
a direct comparison between SPEAKER_00 and SPEAKER_01 may be
misleading.

We do not report WDER as a primary metric in the revised ex-
periments because its reliable computation requires word-level speaker
alignment between ASR hypotheses and manual references. Instead, we
use WER and cpWER as the main word-level and speaker-attributed
transcription metrics.

3.4.1. Diarization purity

If every label in a hypothesized annotation overlaps exclusively with
segments belonging to a single reference label, then the annotation is
considered perfectly pure. The purity metric is defined in Eq. (1).

2 cluster MaXgpeaker [Cluster N speaker|

chuster |CIUSter|

where |cluster N speaker| represents the duration of their intersection,
where speaker denotes the total speech length of a specific reference
speaker. Under-segmented results, such as when two speakers are
merged into one large cluster, typically yield lower purity and higher
coverage. Conversely, over-segmented results, where there are numer-
ous speaker clusters, tend to yield higher purity and lower coverage.

Purity = (@]

3.4.2. Diarization coverage

When all segments from a particular reference label are clustered
into the same cluster, a hypothesized annotation is said to have perfect
coverage as shown in Eq. (2).

Y speaker MaXcluster |SPeaker N cluster|
Zspeaker |speaker|

where |cluster n speaker| is the duration of their intersection, and
cluster is the hypothesized cluster.

(2)

Coverage =

3.4.3. Word diarization error rate (WDER)

The word diarization error rate (WDER) quantifies the frequency
with which words are incorrectly attributed to the wrong speaker
relative to the actual data. WDER is a key metric used to assess the
quality of diarization, where lower values indicate better diarization
quality. We compute WDER using Eq. (3):
Sis+Crs

WDER =
S+C

3

where:
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1. S;g is the quantity of ASR substitutions with incorrect speaker
tokens;

2. Cjg is the amount of Correct ASR words with Incorrect Speaker
tokens;

3. S is the total amount of ASR replacements;

4. C is the number of Correct ASR words.

3.4.4. Concatenated minimum-permutation word error rate (cpWER)

The concatenated minimum-permutation word error rate (cpWER)
assesses the alignment of recognized words with ground truth tran-
scripts considering all possible permutations of the recognized words.
It is defined as follows:

1. Combine every speaker’s transcript for reference and research
purposes;

2. Determine the WER between the hypothesis’s reference and
every speaker permutation that might exist;

3. Select the permutation with the lowest WER, which is thought
to be the best one, out of all of them.

4. Implementation details
4.1. Dataset description: AMI meeting corpus

The experimental setup uses the AMI Meeting Corpus, a multi-
speaker meeting corpus designed for research on meeting transcription,
speaker diarization, and multimodal interaction analysis. AMI contains
face-to-face meetings with multiple participants, overlapping speech,
variable turn-taking patterns, and realistic meeting-room acoustics.

We evaluate the proposed pipeline on a subset of the AMI Meet-
ing Corpus containing 143 meetings with manual word-level speaker
annotations. The subset comprises 77.63 meeting-hours and 732,982
reference words. The annotated speech accounts for 61.98 h, including
7.57 h of overlapping speech, corresponding to an average overlap ratio
of 11.85%. Each meeting contains between 4 and 5 speakers, with an
average of 4.02 speakers per meeting.

To analyze the robustness of the pipeline under different acous-
tic conditions, we consider three AMI audio streams: Headset Mix,
Individual Headsets, and Microphone Array recordings (see Table 2).
The Headset Mix condition provides one mixed close-talking audio
stream per meeting and represents the cleanest single-stream multi-
speaker setting. The Individual Headsets condition contains separate
close-talking microphone recordings for each participant, resulting in
314.10 channel-hours. The Microphone Array condition contains far-
field table-top microphone recordings, totaling 1204.57 channel-hours,
and represents a more challenging setting due to distance from the
speakers, room acoustics, reverberation, and overlapping speech.

For the experiments reported in this paper, we use the Headset Mix
audio condition as the primary input stream. The individual-headset
and microphone-array conditions are retained for future robustness
experiments.

Manual AMI annotations are distributed in XML format and include
word-level timing information for each speaker. These annotations are
parsed to extract the word text, speaker identifier, start time, and end
time. Consecutive words produced by the same speaker are merged
into speaker turns when the temporal gap between them is below a
fixed threshold of 0.8 s. This produces two reference objects for each
meeting: a speaker-attributed reference transcript and a list of reference
speaker activity segments.

Because the manual annotations do not always start at time zero,
evaluation is restricted to the time interval covered by the reference
annotations. For each meeting, the reference interval [fgp.fend] 1S
defined in Eq. (4), where s; and e; denote the start and end times of
the manually annotated speaker segments. Hypothesis segments out-
side this interval are excluded from text-based evaluation. This avoids
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Table 2
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Summary of the AMI evaluation subset across the three audio recording conditions. Meeting hours denote the actual duration of
the meetings, while channel hours denote the cumulative duration across all available audio channels/files.

Audio condition Meetings Files Meeting h Channel h Avg. spk. Spk. range Ref. words Speech h Overlap
Headset mix 143 143 77.63 77.63 4.02 4-5 732,982 61.98 11.85%
Individual headsets 143 575 77.63 314.10 4.02 4-5 732,982 61.98 11.85%
Microphone array 143 2189 77.63 1204.57 4.02 4-5 732,982 61.98 11.85%
S To convert the audio_array to a WAV file, which is of type
Hi numpy .ndarray, and obtain the sampling rate, we used the
soundfile library as show in Listing 2. Listing 3 normalizes the audio
M . . . . .
— data (audio_array) to a 16-bit integer format suitable for saving as
how O a WAV file.
—
— audio_array_normalized = np.intl16(audio_array * 32767)
are Speaker 1 output_wav_file = os.path.join(
os.path.dirname (output_csv_path),
—— os.path.splitext (output_csv_path) [0] + "_audio.wav"
)
you? sf.write(
output_wav_file,

(a) Ilustration of Whisper’s tendency to generate context
independently.

how
a

Speaker 1

you?

(b) The proposed method’s correction using LLM con-
text.

Fig. 2. Context generated by Whisper, despite Pyannote’s segmentation.

penalizing the system for speech or audio regions that are not covered
by the manual reference transcript.

Istart = m[_in{s,-}, Tend = m?x{ei} ()]

The experimental setup we use is built upon commodity hardware
equipped with a NVIDIA RTX 3060 GPU with 12 GB of VRAM. De-
spite the performances of our setup, the full baseline evaluation for
the Headset Mix condition took 652.65 min (real-time). The eval-
uated pipeline include Pyannote diarization and Whisper base.en
transcription, without language-model post-processing.

Despite Pyannote’s segmentation, Fig. 2 shows how Whisper some-
times generates context on its own because of brief discussion pauses.
The suggested approach makes use of contextual data from the LLM in
an attempt to remedy this.

from datasets import load_dataset

ds = load_dataset("talkbank/callhome",

dataset = ds["data"]

for audio_number, row in enumerate(dataset):
audio_data = row["audio"]

"eng "

speakers_GT = row["speakers"]
audio_array = audio_datal["array"]
sampling_rate = audio_datal["sampling_rate"]

print (type (audio_array))
print (type (speakers_GT))

Listing 2 WAV conversion.

audio_array_normalized,
sampling_rate,
subtype="PCM_16")

Listing 3 Converting array data to WAV file.

4.2. Software requirements and environment setup

For this project, we utilized Anaconda with an image of devel
cuda 11.6.0 cudnn miniconda, ensuring compatibility with the
required CUDA and cuDNN versions for GPU acceleration. The follow-
ing outlines the key software and versions used:

* Python Version: 3.10.12;

» Anaconda: managed environments and dependencies;

+ Torch: required for PyTorch-based applications;

* Environment: configured with the latest libraries and dependen-
cies to support machine learning tasks in speech processing.

We propose the following execution environment:

« Virtual Machine: all computations and processes were conducted
on a virtual machine environment, ensuring isolated and con-
trolled execution;

* Continuous Inference: the pipeline operated continuously with a
consistent temperature setting, ensuring stable performance with-
out manual intervention;

* Checkpoint Management: checkpoints were implemented to safe-
guard against unforeseen errors, enabling recovery without
restarting from the beginning.

4.3. Implementation of pyannote

The implementation of Pyannote for Speaker Diarization involves
several critical steps, from initializing the diarization pipeline to pro-
cessing and converting the diarization results. Below, we detail the
implementation process.

Initialization of Pyannote. The initial phase of the implementation
involves the instantiation of the Pyannote framework, as detailed in
Listing 4. This process begins with the retrieval of a state-of-the-art, pre-
trained speaker diarization model from the Hugging Face Hub, ensuring
the integration of high-performance neural architectures. Beyond sim-
ple model loading, this stage encompasses the configuration of secure
authentication protocols and the strategic optimization of the compu-
tational environment. Specifically, the pipeline is mapped to utilize
GPU acceleration, a critical step to ensure high-throughput processing
and minimize inference latency during the analysis of extensive audio
datasets.
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class PyannoteProcessor:
nwin
Class to perform Speaker Diartization using
the Pyannote library.

nnn

def __init__(self):
self.pipeline = Pipeline.from_pretrained(
"Pyannote/speaker-diarization-3.1",

use_auth_token="your_huggingface_token")

Listing 4 PyannoteProcessor class.

The Pipeline.from_pretrained function loads the pre-
trained diarization model. The use_auth_token parameter is re-
quired to access the model on the Hugging Face model hub. Make sure
to replace "your_huggingface_token" with your actual Hugging
Face authentication token.

Performing Diarization. Once the pipeline is initialized, the next
step is to perform diarization on the given audio file. This involves
passing the audio file through the Pyannote pipeline, which outputs
the diarization results. The results are then saved in RTTM format using
Listing 5.

def perform_diarization(self, audio_file_path):
self.pipeline.to(torch.device(’cuda’))
\textcolor{blue}{diarization = self.pipeline(
audio_file_path, num_speakers=num_speakers)}
with open("sample.rttm", "w") as rttm:
diarization.write_rttm(rttm)

Listing 5 Performing diarization with Pyannote.

For AMI meetings, the number of speakers is constrained using the
known speaker range of the evaluation subset, which contains between
four and five speakers per meeting.

Converting RTTM to DataFrame. The diarization results are saved
in RTTM format, which needs to be processed further. The RTTM file
is read and converted into a DataFrame for easier manipulation and
analysis as shown in Listing 6.

def rttm_to_dataframe(self, rttm_file_path):

columns = [
"Type", "File,ID",
"Channel", "Start, Time",
"Duration", "Orthography",
"Confidence", "Speaker",
"X l|’ |Iy|l’:|
data = []
with open(rttm_file_path, "r") as rttm_file:
lines = rttm_file.readlines ()

data = [line.strip().split() for line in lines]
df = pd.DataFrame(data, columns=columns)
df = df.drop(["x", "y", "Orthography", "Confidence"
], axis=1)
return df

Listing 6 Converting RTTM to DataFrame.

The rttm_to_dataframe method reads the RTTM file, processes
each line to extract relevant information, and stores it in a Pandas
DataFrame. Unnecessary columns are dropped to retain only essential
information, such as Type, File ID, Channel, Start Time, Duration, and
Speaker.

Complete Workflow Integration. To integrate the Pyannote pro-
cessor within a complete workflow, an AudioProcessor class is
used. It manages interactions between Pyannote and other components
like Whisper and the language model.

The process_and_append_to_csv method in the
AudioProcessor class integrates Pyannote for diarization, normal-
izes audio data, transcribes using Whisper, and integrates the language
model for diarization correction.

Segmentation Refinement. To enhance data interpretability, con-
secutive segments attributed to the same speaker are merged into co-
hesive intervals. This step ensures that uninterrupted speech segments
by the same speaker are treated as continuous units for analysis.
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By following these steps, Pyannote is effectively implemented for
Speaker Diarization, leveraging its capabilities for accurate and effi-
cient speaker segmentation.

4.4. Implementation of whisper

Whisper is used on chunks of audio that were previously saved after
processing with Pyannote. Since we aimed to create a reliable Speaker
Diarization model, we opted for the best model available in Whisper,
which is the 1550M model. Given its size, it was essential to utilize
GPU acceleration. For this purpose, we employed the NVIDIA GeForce
RTX 4090. Another crucial setup involved setting the temperature to
0. This ensures that there are no hallucinations during the language
model’s processing of input data.

Segmenting the audio. To process specific segments of audio, we
implemented the process_audio_segment method. This method
extracts a segment from the specified audio file (audio_file) based
on the provided start_time and end_time parameters. It then
transcribes the segment using transcribe_audio_with_
whisper, collapses the resulting transcription segments using
collapse_segments, and removes temporary audio files once pro-
cessing is complete. Our goal was to optimize efficiency throughout this
process as shown in Listing 7.

def process_audio_segment (self, audio_file, start_time,
end_time,

detected_language):

start_time = float(start_time * 1000)

end_time = float(end_time * 1000)

audio = AudioSegment.from_file(audio_file)

audio_segment = audio[start_time:end_time]

audio_segment_path = f"audio_segment_{start_time}.
wav"

audio_segment.export (audio_segment_path, format="
wav ")

# Transcribe the audio segment
transcription_result = self.
transcribe_audio_with_whisper (
audio_segment_path, detected_language)
whisper_transcript = transcription_result["text"]

# Split the transcript into segments
segments = whisper_transcript.split("\n")

# Collapse the segments
collapsed_transcript = self.collapse_segments(
segments)

# Delete the temporary audio segment file
os.remove (audio_segment_path)
return collapsed_transcript

Listing 7 Usage of pre-trained Whisper.

Combining the results. The collapse_segments method pro-
cesses individual transcript segments by combining words and spaces
into a cohesive transcript format as shown in Listing 8. This ensures
the readability and coherence of the transcribed output from Whisper
ASR.

def collapse_segments(self, transcript_segments):
segment_counter = 0
collapsed_segments = []
for segment in transcript_segments:
if segment.startswith("Segment"):
segment_counter += 1
collapsed_segments.append(segment)
else:
words = segment.split()
for word in words:
collapsed_segments.append (word)
collapsed_segments.append (" ")
collapsed_transcript = "".join(collapsed_segments)
return collapsed_transcript

Listing 8 Collapse transcript segments into a single string.
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Table 3
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Approximate normalized transcript-level results for constrained language-model post-processing. The filtered setting accepts only
conservative outputs that preserve speaker-tag format and lexical fidelity.

Method Model/setup Filtering norm-WER | norm-cpWER | Token F1 1 Compression Rep. red. 1
Baseline None None ~0.50 ~0.52 ~0.86 1.00 0.00

LLM Qwen2.5-3B zero-shot No ~0.82 ~0.83 ~0.42 ~0.33 ~0.75

LLM Qwen2.5-3B one-shot No ~0.70 ~0.70 ~0.59 ~0.45 ~0.51

LLM Qwen2.5-7B zero-shot No ~0.62 ~0.65 ~0.70 ~0.68 ~0.40

LLM Qwen2.5-7B one-shot No ~0.55 ~0.58 ~0.78 ~0.78 ~0.35

LLM Qwen2.5-7B one-shot Yes ~0.49 ~0.51 ~0.85 0.90-0.98 ~0.22

The process_and_append_to_csv method (from the For the current experiments we have used the headset-mix stream,

AudioProcessor class) integrates the Whisper result as a final step
of diarization. It handles the dataset, processes each audio file, and
performs the necessary operations. Additionally, the language is hard-
coded as English because the entire dataset is in English. However,
leaving the language parameter blank or None is also possible since
Whisper can identify the language automatically, even when different
languages are spoken in the same conversation. By following these
steps, Whisper is effectively implemented for Speaker Diarization,
leveraging its capabilities for accurate and efficient Speech-to-Text
conversion.

We investigate the efficacy of the Qwen2.5 architectural family for
transcript refinement, specifically evaluating the 3B and 7B instruction-
tuned variants without further fine-tuning. This selection allows for
a comparative analysis of model scale versus performance: the 3B
configuration target scenarios with restricted computational resources,
while the 7B variant offers enhanced linguistic capacity and stricter
adherence to instruction-following constraints, while still remaining
viable for local, privacy-preserving inference.

The robustness of these models is assessed through two prompting
paradigms:

+ Zero-shot prompting: evaluating the models’ inherent ability to
perform the refinement task based solely on the instruction set;

» One-shot prompting: enhancing the context with a task-specific
demonstration that illustrates the transformation of speaker-
attributed fragments. This example explicitly reinforces the con-
straint against free-form rewriting, emphasizing the preservation
of lexical integrity.

By maintaining a consistent model family and varying the prompt-
ing depth, we isolate the impact of model capacity and in-context
learning on the stability of the speaker-attribution correction process.

5. Experimental results
5.1. Experimental setup

The baseline system consists of Pyannote speaker diarization fol-
lowed by Whisper ASR applied to diarized segments. We then eval-
uate constrained language-model post-processing using open-weight
instruction-tuned models. Each language model is tested in zero-shot
and one-shot configurations.

The evaluated configurations are:

» without_LM: Pyannote diarization followed by Whisper tran-
scription, without language-model correction;

» Qwen2.5-3B_zero_shot: constrained correction using
Qwen?2.5-3B-Instruct with a zero-shot prompt;

» Qwen2.5-3B_one_shot: constrained correction using
Qwen2.5-3B-Instruct with a one-shot prompt;

» Qwen2.5-7B_zero_shot: constrained correction using
Qwen2.5-7B-Instruct with a zero-shot prompt;

- Qwen2.5-7B_one_shot: constrained correction using
Qwen2.5-7B-Instruct with a one-shot prompt;

» Qwen2.5-7B_one_shot_filtered: one-shot correction

with conservative validation and acceptance filtering.

corresponding to files of the form * .Mix-Headset .wav. This choice
provides a single audio stream suitable for the Pyannote-Whisper
pipeline while preserving the realistic multi-speaker meeting setting.
For each AMI meeting, we downloaded the headset-mix audio, the
individual close-talking headset recordings, and the microphone-array
recordings. The individual-headset recordings can be used for oracle-
style or speaker-isolated analyses, while the microphone-array record-
ings provide a more challenging far-field condition and are reserved for
future robustness experiments. So, for each meeting, manual word-level
annotations have been parsed to build the reference transcript and the
reference speaker activity segments. Furthermore, the system has been
evaluated only on the annotated time interval of each meeting.

The language-model outputs have been validated before evaluation
to prevent artificial improvements such as paraphrasing, deletion, or
hallucination. In the case when the corrected transcript changes the
lexical content excessively or fails to preserve the required speaker-tag
format, the output is rejected and the baseline transcript is retained (see
Table 3).

5.2. Language-model post-processing results

The used model not only removes repetitions but also deletes
or paraphrases valid content, as naive LLM post-processing substan-
tially reduces repetitive ASR artifacts. We must note that this reduc-
tion comes at the cost of lexical fidelity. In particular, the unfiltered
Qwen2.5-3B variants strongly compress the transcript and remove
many repeated tokens, but they also increase normalized WER and
normalized cpWER and decrease token-level F1.

We managed to keep normalized WER and normalized cpWER close
to the baseline while still reducing a meaningful fraction of repetitive
ASR artifacts by leveraging the filtered strategy used by LLM, which
accepts only conservative edits that preserve speaker labels and lexical
content. This indicates that open-weight LLMs are more reliable as
selective transcript post-processors than as unconstrained transcript
rewriters.

Results show that the main benefit of the LLM component is conser-
vative transcript cleanup under explicit fidelity constraints, not direct
ASR correction, because unconstrained LLM correction is unsafe for
meeting transcription, especially when evaluation is based on WER
and cpWER. However, an acceptance-based post-processing strategy
can improve transcript readability by reducing repetitive ASR artifacts
while preserving lexical accuracy.

5.3. Baseline diarization and transcription results

The baseline performance of the integrated Pyannote-Whisper
pipeline on the AMI Headset Mix condition is presented in Table 4.
By utilizing the pyannote/speaker-diarization-3.1 model in conjunc-
tion with the Whisper base.en architecture, the system processed the
143-meeting corpus in approximately 10.9 h of wall-clock time.

For the Headset Mix condition, the Pyannote-Whisper baseline
obtained a WER of 0.802 and a cpWER of 0.790. Also, the diarization
component achieved a DER of 0.160 and a JER of 0.209, with a
diarization purity of 0.911 and coverage of 0.886. The full evaluation
over 143 AMI meetings required approximately 10.9 h using Whisper
base.en and pyannote/speaker-diarization-3.1.
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Table 4

Baseline Pyannote-Whisper performance on the
AMI Headset Mix condition over 143 meetings.
The baseline uses pyannote/speaker-diarization-
3.1 and Whisper base.en, without language-
model post-processing.

Metric Headset Mix baseline
WER | 0.802

cpWER | 0.790

DER | 0.160

JER | 0.209

Purity 1 0.911

Coverage 1 0.886

Runtime 652.65 min

6. Conclusions

In this paper, we have proposed an offline processing pipeline for
speaker attribution from meeting transcriptions based on Pyannote-
based speaker diarization, Whisper-based automatic speech recogni-
tion, and constrained open-weight language-model post-processing.
Furthermore, acknowledging the limitations of the evaluation protocols
based on generated references, we propose a revised methodology that
uses manual AMI annotations to construct speaker-attributed reference
transcripts and speaker activity segments.

To overcome a higher intrusion of the language-model component
into the processing pipeline, which could lead to excessive modification
of the transcript, it was introduced as a constrained post-processing
task. So, instead of allowing the model to freely rewrite the transcript,
the model was instructed to apply only conservative candidate correc-
tions, which primarily target speaker-attribution errors and repetitive
ASR artifacts. Moreover, a validation and acceptance mechanism rejects
outputs that do not preserve the required speaker-tag format.

The experimental results are based on a protocol that evaluates di-
arization quality and speaker-attributed transcription qualit, leveraging
metrics to assess speaker segmentation such as DER and JER and also,
metrics to assess transcription and speaker-attributed transcription per-
formance like WER and cpWER. The experimental protocol evaluates
both diarization quality and speaker-attributed transcription quality. A
more rigorous evaluation than the initial setup has been achieved by
using ASR-generated transcripts as references.

The obtained results show the importance of separating diariza-
tion errors from ASR errors, as the baseline Pyannote-Whisper system
achieves reliable speaker segmentation on the AMI Headset Mix con-
dition, but word-level performance remains affected by ASR errors,
segmentation choices, and short or fragmented diarized regions. Naive
language-model post-processing can reduce repetitive artifacts but may
degrade lexical fidelity, whilst conservative filtering preserves WER and
cpWER close to the baseline while still improving transcript readability.

As future work, we will focus on three main directions. First, we will
extend the evaluation to additional AMI acoustic conditions, especially
far-field microphone-array recordings. Second, we will compare the
proposed pipeline against stronger diarization baselines such as VBx
and EEND-based systems. Third, we will investigate streaming variants
of the pipeline with explicit latency constraints, allowing the method
to be evaluated under real-time operating conditions.
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