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Abstract
Recent advances in Large Language Models (LLMs) have
achieved state-of-the-art performance in Automatic Speech
Recognition (ASR), surpassing ASR-only systems such as
Whisper. However, their application to other speech process-
ing tasks, particularly speaker diarisation (SD), remains un-
derexplored. This work proposes extending existing speech-
aware LLM architectures with diarisation-specific training
and context-based prompting to enable joint transcription and
segmentation of multi-speaker audio. By exploiting the se-
mantic reasoning and multilingual capabilities of pretrained
LLMs, the proposed approach aims to improve diarisation
accuracy, enhancing accessibility for assistive technologies
and real-time captioning applications that rely on accurate
speaker-aware transcriptions.

Introduction
Speech processing, a field of interest for decades, has re-
cently seen successful applications of the Transformer archi-
tecture (Vaswani et al. 2017) such as in the Whisper mod-
els (Radford et al. 2022) for Automatic Speech Recogni-
tion (ASR). Recent work has further demonstrated the use
of LLMs for ASR tasks (Saon et al. 2025; Xu et al. 2024;
Microsoft et al. 2025), leveraging existing LLM capabili-
ties and bypassing the pre-training stage. Our work aims to
explore how we can extend this to other speech processing
tasks like speaker diarisation, combining these tasks into a
single pipeline. Speaker Diarisation (SD) is the process
of partitioning an audio stream containing human speech
into homogeneous segments according to speaker identity. It
enhances the readability of automatic speech transcriptions
by structuring audio streams into speaker turns and, when
combined with speaker recognition systems, by providing
speaker identity (Wikipedia 2025). The task fundamentally
addresses the question “who spoke when?”. Without speaker
diarisation, ASR transcripts would simply appear as joined
sentences, leaving readers to interpret which sentence came
from which speaker by themself.

Background
Traditional and current approaches to speaker diarisation
utilise a combination of clustering and embedding mod-
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els or end-to-end approaches with neural networks to out-
put diarisation timestamps (Bredin et al. 2019). Recently,
Granite-speech 3.3 (Saon et al. 2025) and Phi-4 Multi-
modal (Microsoft et al. 2025), both of which leverage a pre-
trained LLM as its backbone, has shown promising results
with using LLMs to perform ASR. An audio encoder is at-
tached to the LLM backbone to produce acoustic embed-
dings, and a LoRA adapter is trained on top of the frozen
LLM to process these inputs in order to generate a tran-
script. Such approaches have shown to outperform pure ASR
models like Whisper across a variety of ASR benchmarks.
Other approaches that involve LLMs in speaker diarisation
tasks try to fix inaccuracies in a transcription model’s out-
put by correcting diarisation errors and autofilling speaker
names (Wang et al. 2024; Efstathiadis, Yadav, and Abbas
2025), however this approach is more of a post-processing
step on the outputs of an ASR/SD model, rather than us-
ing the LLM to generate diarisation labels natively. Such
approaches also remain constrained to the accuracy of the
underlying ASR/SD model, limiting generalisability.

Therefore, the goal of this research proposal is to explore
how we can further develop speech-aware LLMs to per-
form other speech processing tasks like speaker diarisa-
tion natively.

Approach
Research has shown that LLMs possess strong semantic un-
derstanding capabilities as a result of its pre-training stage
on a large amount of textual data, including conversational
data that traditional acoustic models lack. Earlier work has
also shown that joint ASR and SD models can leverage
audio-lexical interdependencies to improve word diarisation
performance (Mao et al. 2020). Taking inspiration from the
model architecture and training recipe outlined by Granite-
speech and Phi-4 Multimodal (Saon et al. 2025; Microsoft
et al. 2025), we propose a similar architecture but with con-
textual prompting (Figure 1). Our proposed training strategy
is split into two phases:
First Stage: We perform the joint optimisation of the au-
dio encoder and speech modality adapter on large-scale SD
data (Table 1). To speed up the training process, we pro-
pose using an existing speech-aware LLM (such as Granite-
speech-3.3-2b) as the LLM backbone, and Whisper (Rad-
ford et al. 2022) for the audio encoder, since they are pre-

The Fortieth AAAI Conference on Artificial Intelligence (AAAI-26)

41513



Figure 1: Proposed Model Architecture

trained models. We also propose Q-Former (Li et al. 2023a)
for the modality adapter to extract features from our audio
encoder to be fed into our LLM. The Q-Former uses learned
queries that cross-attend to audio representations to extract
important features. This stage aims to rapidly adapt exist-
ing speech-aware LLMs to multi-speaker characteristics for
speaker diarisation.
Second Stage: We introduce context-aware prompt train-
ing by freezing the audio encoder and only updating the
modality adapter and our LoRA adapter. We generate nat-
ural language prompts containing context on each audio
clip (Figure 1), as well as annotated speaker-segmented
transcripts for our model to learn. During training, we
also introduce special <|audio|>, <|timestamp|>,
<|spk|> tokens to denote the presence of audio embed-
dings, transcription segment timestamps and speaker change
respectively, taking inspiration from the RTTM format to
structure our model’s outputs. In each prompt, context such
as the language or the number of speakers can be provided
in the system prompt. Prior work has shown success in im-

Dataset Hours Language(s)
American Life Podcast 35 EN
ICSI Meeting 70 EN
AMI Meeting 100 EN
AliMeeting 118.75 ZH
CALLHOME Unknown ZH, EN, DE, JA, ES
CALLFRIEND Unknown EN, FR, JA
DIHARD-III 33 EN, ZH

Table 1: Open-Source SD Datasets

proving the accuracy of ASR transcripts by biasing the lan-
guage model towards the domain indicated by the prompt
context, leveraging their in-context learning capabilities (Li
et al. 2023b). This stage aims to improve the accuracy of
transcripts by constraining the model and grounding its pre-
dictions, a strong advantage over traditional acoustic mod-
els. Our proposed approach allows the model to retain its
original textual capabilities by simply disabling the adapters,
allowing for further analysis of the generated transcripts.
Note that in both stages, the LLM backbone is frozen.

Evaluation
For ASR and SD, the metrics used are Word Error Rate
(WER) and the Diarisation Error Rate (DER) respectively,

WER =
S +D+ I

N
(1)

DER =
FalseAlarm +Miss + Confusion

Total
(2)

where S represents substitutions, D denotes the number of
deletions, I corresponds to the number of insertions, and N
is the total number of words in the reference transcript. For
the diarisation metric, False Alarm refers to the duration of
non-speech incorrectly classified as speech, Miss represents
the amount of actual speech not detected by the system, Con-
fusion denotes the duration of speech that is correctly de-
tected but attributed to the wrong speaker, and Total refers
to the total duration of speech (Fiscus et al. 2006).

Discussion
Unlike what prior work has demonstrated with ASR, apply-
ing a similar architecture to SD tasks poses a few key chal-
lenges. Training SD models require large amounts of an-
notated diarisation data, which are much more limited as
compared to ASR data in terms of language variety and
the hours of data available because they are expensive to
obtain (Bredin et al. 2019; Dawalatabad et al. 2021). This
training data imbalance could potentially result in poor gen-
eralisation to SD tasks and poor performance in languages
other than English. To address this, self-supervised learn-
ing is a solution that has been applied to other speech do-
mains (Mohamed et al. 2022) which could be adapted for our
task. We believe that the difficulty in training LLM-enabled
joint ASR and SD models can be addressed by leveraging
the multilingual and semantic understanding capabilities of
LLMs, reducing the amount of annotated data required.

Conclusion
This research proposal presents a novel approach to speaker
diarisation by building on existing work that has demon-
strated success with performing Automatic Speech Recog-
nition (ASR) with speech-aware LLMs. By addressing the
difficulties in training speaker diarisation (SD) models, this
work could advance the field of speech processing while en-
hancing accessibility for assistive technologies and real-time
captioning applications.
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