
Train multi-modal LLM to understand diverse speech paralinguistics by distilling
from teacher with meta-information prompt

Jeremy H. M. Wong, Muhammad Huzaifah, Hardik B. Sailor, Shuo Sun, Kye Min Tan, Bin Wang,
Qiongqiong Wang, Wenyu Zhang, Xunlong Zou, Nancy F. Chen, and Ai Ti Aw

Institute for Infocomm Research (I2R), A⋆STAR, Singapore
jeremy wong@a-star.edu.sg

Abstract

A Large Language Model (LLM) can be extended for input
audio, by expressing the audio embeddings as an interpretable
prompt to the LLM. The adaptor that computes these audio
embeddings is often trained using multi-modal Instruction
Fine-Tuning (IFT) data. It is labour intensive to scale up the
creation of such data to many datasets, tasks, and audio in-
formation types. The labour can be reduced with Knowledge
Distillation (KD), by prompting an external teacher LLM
with meta-information from the audio dataset, and using the
teacher’s output as a reference to train a student that is now
prompted with the audio. Prior KD work has only used a
few datasets, and does not present experiment comparisons
against fair choices of IFT models. This paper scales up KD
to a larger collection of datasets, comprising a wider variety
of meta-information types. Fair experiment comparisons on
Dynamic-SUPERB and AudioBench show that KD and IFT
are complementary, but KD alone may not outperform IFT.

Introduction
Large Language Models (LLM) exhibit good generalisa-
tion across text tasks that they were not explicitly trained
to do, through zero-shot prompting (Radford et al. 2019).
In-context learning (Brown et al. 2020) and retrieval-
augmented generation (Lewis et al. 2020) can further adapt
the LLM to the task, without computationally expensive
fine-tuning. A prerequisite for these behaviours to manifest
is arguably that the LLM should have a sufficient degree of
understanding of natural language text.

Extending the capabilities of LLMs to other modalities
may benefit a wider variety of applications. Multi-modal
LLM works in (Ao et al. 2022; Tang et al. 2024; Hu
et al. 2024; Chu et al. 2023; Pan et al. 2024; Wang et al.
2024; Kang et al. 2024; Lu et al. 2024, 2025; He et al.
2025) use audio as an input modality. It seems reason-
able to assume that behaviours such as good generalisation
with zero-shot prompting, in-context learning, and retrieval-
augmented generation may analogously only manifest if the
multi-modal LLM has a sufficient degree of understanding
of information expressed within the audio. Furthermore, a
diverse understanding of different types of audio and speech
information may facilitate the LLM to generate responses
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that are more contextualised toward the user’s situation, and
thereby improve user experience. Audio and speech have
many forms of information that may not often be expressed
in text data. These include speaker characteristics like ac-
cent, age, gender, fluency, and emotion. It also includes
background noise, overlapping speakers, sounds from non-
speech events, music, reverberation, and distortions due to
the recording setup.

For an LLM to acquire this understanding, it needs to be
ensured that the embeddings extracted from the audio should
be aligned with embeddings of the text prompts in the way
that information is expressed. With an aligned expression,
the audio embeddings can then be used together with the text
prompt embeddings, as inputs to the LLM. This interpreta-
tion alignment is often facilitated by an adaptor neural net-
work, which is used to transform embeddings extracted from
an audio encoder into audio prompt embeddings, which are
more similar to the text prompt embeddings. The adaptor
can be fine-tuned on multi-modal Instruction Fine-Tuning
(IFT) data. For the audio and speech modality, each data
point comprises a prompt text instruction describing the
task, an audio input, and a reference text output response.
Many audio and speech datasets exist, covering a wide di-
versity of tasks. However, they are often not formatted in
the prompt-response format required for IFT, and thus need
to be converted to this format. Two tasks with abundantly
available data and where format conversion is simple are Au-
tomatic Speech Recognition (ASR) and speech translation.
The reference output is simply copied as is from the dataset
to the response, and only the prompt instruction needs to be
designed. Both the ASR and speech translation tasks benefit
from well expressed lexical information of the words that are
said, but not so much from paralinguistic and non-speech in-
formation. As such, the audio prompt embeddings computed
from an adaptor fine-tuned on these tasks can be expected to
express primarily the lexical content of the speech well.

The generalisation of the information expressed in the
audio prompt embeddings can be improved by fine-tuning
over speech and audio tasks that require utilisation of more
diverse information. Audio and speech datasets are often
annotated with a variety of meta-information types, such
as the transcript, speaker gender, emotion, noise condition,
and caption. To use such data for IFT, the annotated meta-
information needs to be converted to prompt instructions and



reference output responses in natural language. This conver-
sion can be done manually, as in (Tang et al. 2024; He et al.
2025), but is labour intensive. Each dataset alone may al-
ready be annotated with multiple meta-information types,
and the labour cost is exacerbated when aiming to use all
meta-information types in each dataset. Different prompt
and response templates need to be devised for each different
type of meta-information. The labour cost limits the diver-
sity of meta-information types in the IFT data, which then
limits the types of information that the multi-modal LLM
learns to understand. It is possible to increase the diversity
of IFT data, by using an LLM to generate multiple para-
phrasings of an initial set of prompt and response templates.
However, doing so still requires the labour of verifying the
generated paraphrasings for each meta-information type.

A less labour intensive approach to create fine-tuning data
is to use an external LLM as a teacher to generate the
reference text response. The student multi-modal LLM is
then fine-tuned toward this output reference through Knowl-
edge Distillation (KD) (Bucilǎ, Caruana, and Niculescu-
Mizil 2006; Li et al. 2014; Hinton, Vinyals, and Dean 2014).
The teacher LLM is prompted with the dataset’s meta-
information expressed in text format. IFT data may comprise
prompts that instruct many different types of tasks. Rather
than accommodating a wide diversity of possible prompt-
response tasks like IFT, KD instead often focuses on a sin-
gle type of task. This may limit the multi-modal LLM stu-
dent’s ability to follow diverse instructions, but it simplifies
the fine-tuning data creation for diverse audio and speech
information types. It is possible to use both KD and IFT, ei-
ther at different fine-tuning stages or interleaved within the
same stage, to yield diverse information understanding and
diverse instruction following.

Prior works in (Chu et al. 2023; Pan et al. 2024; Wang
et al. 2024; Kang et al. 2024; Lu et al. 2024, 2025) have
investigated such KD on only a few isolated speech and au-
dio meta-information types. Work in (Chu et al. 2023) ex-
presses the KD data as a question answering task, by in-
structing an external LLM to generate text question and an-
swer pairs from text format meta-information, while (Pan
et al. 2024) prompts the teacher with only the transcript. Fo-
cusing on emotion recognition, (Wang et al. 2024) expresses
the KD data as a sentence continuation task, by instructing
the teacher LLM to continue the sentence when prompted
with the transcript and emotion in natural language. Sen-
tence continuation is also used in (Kang et al. 2024), where
the teacher’s prompt is the transcript and an emotion flag.
Work in (Lu et al. 2024) expresses the KD data as a cap-
tioning task, by instructing the LLM teacher to generate a
description when prompted with the transcript, emotion, and
speaker gender, expressed in natural language. Work in (Lu
et al. 2025) extends the KD approach further, by considering
12 meta-information types from across 6 speech datasets. In
sentence continuation, it is difficult to ensure that the teacher
LLM expresses a wide coverage of the provided prompt
information when generating the response. In a captioning
task, the teacher can be explicitly instructed to consider all
types of meta-information in the prompt when generating
its response. Expressing the KD data as a captioning task

therefore makes it easier to ensure wide coverage of multi-
ple meta-information types, thereby easing the inclusion of
diverse meta-information types.

This paper expands the KD captioning framework to an
even larger scale, by sourcing a broader diversity of par-
alinguistic and non-speech audio information across many
datasets. This aims to empower the multi-modal LLM to
understand an even wider diversity of information, while
avoiding the expensive labour cost of the creation of IFT
data. Expanding further than (Lu et al. 2025), this paper con-
siders 29 types of meta-information across 13 open-source
datasets, with not just speech data like in (Lu et al. 2025),
but also non-speech audio data. The experiments in (Lu et al.
2025) compare various KD and IFT approaches, but each
model in the comparison uses different fine-tuning datasets,
model architectures, and text LLM models. This is under-
standably so, because of the difficulty of preparing the data
and doing large-scale training for each separate fine-tuning
approach. It is thus difficult to ascertain whether the ob-
served improvements are due to the KD approach, the larger
collection of fine-tuning datasets, or the different model ar-
chitectures. In this paper, KD is compared to IFT across the
same diverse collection of fine-tuning datasets and common
model architectures, for a fairer experiment comparison. For
each dataset, multiple forms of information are extracted
from the dataset’s meta-information. All extracted forms of
meta-information are used together and expressed in text
format when prompting the teacher LLM to generate the ref-
erence text. When fine-tuning the student multi-modal LLM,
the same prompt is modified by replacing the part that ex-
presses the textually represented meta-information with the
audio prompt embeddings. Fine-tuning the student toward
the teacher’s output thus encourages the audio prompt em-
beddings to express the diverse meta-information. Through
the fairer comparison between KD and IFT in this paper, the
experiments show that this form of meta-information KD is
complementary to IFT in empowering the multi-modal LLM
to perform well across a broad range of speech and audio
tasks.

In summary, this paper proposes to:

• Scale up captioning-style KD to more audio and speech
information types, across more open-source datasets, and
to use all meta-information types present in each dataset,
to allow the multi-modal LLM to learn a more gener-
alised understanding of diverse audio and speech infor-
mation.

• Present a fair experimental comparison between KD and
IFT.

Instruction fine-tuning
For the speech-text tasks of ASR and speech translation,
training data is fairly abundant. These comprise speech as
the input and text as the output. It requires minimal hu-
man labour to convert these into a form that is conducive
to fine-tune a multi-modal LLM. Often, all that is done is
to include an additional input text prompt that instructs the
multi-modal LLM to transcribe or translate the input speech.
Audio captioning datasets can also be used with minimal hu-



Table 1: Datasets used for IFT, and the tasks for which
human-written prompts and responses were created for each
dataset

Dataset Prompt-response task
AIShell (Bu et al. 2017) ASR
AudioCaps (Kim et al. 2019) AC, ASQA
Common Voice (Ardila et al. 2020) ASR, SQA
GigaSpeech (Chen et al. 2021) ASR, SQA
IEMOCAP (Busso et al. 2008) ER
Librispeech (Panayotov et al. 2015) ASR, SQA
MELD (Poria et al. 2019) ER, SR
NSC (Koh et al. 2019) parts 1 & 2 ASR

NSC parts 3, 4, & 5 ASR, SQA, DS, AR,
GR

NSC part 6 ASR, SQA, DS
People’s Speech (Galvez et al. 2021) ASR, SQA
SLUE phase-2 (Shon et al. 2023) SQA
Spoken SQuAD (Li et al. 2018) SQA
Voxceleb1 (Nagrani et al. 2020) GR, NR
WavCaps (Mei et al. 2024) AC, ASQA

man labour. These comprise audio as input, which may or
may not include speech, and a text description of the audio
as the output. To use these to fine-tune a multi-modal LLM,
an additional text prompt needs to be included that instructs
the model to describe the audio.

Beyond these, there is a wide diversity of many other au-
dio and speech tasks. Many of these tasks rely on infor-
mation that is extrinsic to the words spoken. Fine-tuning a
multi-modal LLM on these tasks may empower the model
to understand the information in the audio that is needed
to accomplish each of these tasks. These include tasks for
recognising emotion, sentiment, intent, sarcasm, disfluency,
language, and physiological conditions. Regression tasks
include measuring distance to the microphone and speech
evaluation (pronunciation accuracy, fluency, prosody, into-
nation). Speaker-related tasks include identification, verifi-
cation, and diarisation, recognition of accent, gender, and
age, and counting the number of speakers. Non-speech tasks
also include sound event detection, and descriptive caption-
ing of music and audio events. Many of these tasks can
be expressed within a question answering framework. How-
ever, expressing these datasets in such a framework is labour
intensive, as contextually appropriate questions and answers
need to be written for each data sample. The labour cost thus
limits the diversity of tasks and datasets that can be incorpo-
rated.

The IFT data used in this paper, listed in Table 1, is a
subset of the data1 used in (He et al. 2025). The following
prompt-response tasks were manually created.

• Audio Captioning (AC): The prompt is human-written,
instructing the model to describe what is heard in the au-
dio. The output is the caption from the dataset.

1This information is from private communication with the au-
thors of (He et al. 2025).

Figure 1: Teacher LLM is prompted with text format meta-
information about the audio, to generate a reference output.
Student is then prompted with audio prompt embeddings
and is fine-tuned toward the teacher’s reference output

• Automatic Speech recognition (ASR): The prompt is
human-written, instructing the model to transcribe the
speech. The output is the transcript from the dataset, with
a consistent text normalisation applied across all datasets.

• Data Summarisation (DS): The prompt is human-
written, instructing the model to summarise the content
that the speaker talks about. The output is a human-
written summary.

• Audio Scene Question Answering (ASQA): The
prompt is human-written, asking the model to identify
the sounds heard within the audio. For the output, the hu-
man annotator first reads the caption in the dataset, and
then writes an appropriate answer to the prompt question.

• Speech Question Answering (SQA): The prompt is an
open-ended human-written question relating to the con-
tent that the speaker is discussing. This may comprise
what, who, when, where, why, and how questions. For
the output, the human annotator first reads the transcript,
and then writes an appropriate answer to the prompt
question.

• x Recognition: The prompt is a human-written ques-
tion asking the model to identify x from the speech,
where x can be Accent (AR), Emotion (ER), Gender
(GR), Nationality (NR), or Sentiment (SR). The output
is a human-written answer, based on the dataset meta-
information.

The human-annotated prompts and reference responses
require significant labour, time, and creativity to produce di-
versely and accurately. Not all of the meta-information types
available from the datasets are used in the IFT data. Ex-
panding to more meta-information types increases the labour
cost. It is possible to use an LLM to aid in the diversification
of the IFT data. However, significant labour is still required
to verify the appropriateness of the generated data for each
meta-information type and prompt-response task.

Meta-information knowledge distillation
The labour required to create the fine-tuning dataset can be
reduced by using an external LLM teacher to generate the
reference text that is used to fine-tune the multi-modal LLM



Table 2: Datasets and meta-information in each dataset used for KD fine-tuning

Dataset Meta-information types
AIShell transcript, speaking style, language, gender, nationality, number of speakers, duration
AudioCaps caption, duration, source

Common Voice transcript, speaking style, language, gender, age, accent, number of speakers, duration, up votes,
down votes

GigaSpeech transcript, topic, speaking style, language, number of speakers, duration, start time, end time, source

IEMOCAP transcript, speaking style, language, gender, number of speakers, duration, start time, end time, emotion,
valence, dominance, arousal

Librispeech transcript, speaking style, language, gender, number of speakers, duration, source, noise
MELD transcript, speaking style, language, number of speakers, duration, start time, end time, emotion, sentiment
NSC parts 1 & 2 transcript, speaking style, language, gender, ethnicity, nationality, number of speakers, duration

NSC part 3 transcript, speaking style, language, gender, age, ethnicity, nationality, education, occupation,
relationship between speakers, first language, spoken languages, number of speakers, duration

NSC part 4
transcript, speaking style, language, gender, age, ethnicity, nationality, education, occupation,
relationship between speakers, first language, spoken languages, dominant language, number of speakers,
duration

NSC part 5
transcript, topic, speaking style, language, gender, age, ethnicity, nationality, education, occupation,
relationship between speakers, first language, spoken languages, dominant language, number of speakers,
duration, sentiment

NSC part 6 transcript, topic, speaking style, language, nationality, number of speakers, duration
People’s Speech transcript, language, number of speakers, duration
SLUE phase-2 transcript, speaking style, language, number of speakers, duration
Spoken SQuAD transcript, speaking style, language, number of speakers, duration
Voxceleb1 gender, nationality, number of speakers, duration, source
WavCaps caption, duration

student. The labour can be further reduced, by focusing on a
single prompt-response task. The task of captioning is used
in this paper, because of its flexibility to accommodate di-
verse meta-information types and the ease of instructing the
teacher to use a wide coverage of the prompted information.
This is illustrated in Figure 1. The teacher LLM is prompted
with an instruction as well as meta-information about the
audio expressed in text format. The instruction is to describe
the audio. When fine-tuning the multi-modal LLM student,
the student’s prompt no longer comprises the text format
meta-information, but instead uses the audio prompt em-
beddings. Any information that is already annotated in the
dataset can be used in the meta-information prompt. For ex-
ample, to generate the teacher’s output for an emotion recog-
nition task with an emotion recognition dataset, the anno-
tated emotion label can be extracted from the dataset and
included in the teacher’s prompt. The process of extracting
the meta-information from the dataset can be automated.
This makes it easy to expand the framework to new meta-
information types.

In (Kang et al. 2024), KD is expressed as a sentence
continuation task, where the teacher’s prompt comprises
the transcript of the speech and the annotated emotion.
The teacher LLM then generates a continuation from this
prompt. The teacher’s generated output is expected to be
contextualised on both the transcript and the emotion. When
the multi-modal LLM, with speech as the input, is fine-tuned
toward this reference, it is hoped that it will learn to un-
derstand information about both the words and the emo-

tional expression of the speech. However, as is observed
in (Lu et al. 2025), the teacher LLM may omit mention-
ing about the prompted meta-information, if not explicitly
instructed to consider it. Unlike sentence continuation, it is
easier within a descriptive captioning task to explicitly in-
struct the teacher to consider all prompted information when
generating the output response (Wang et al. 2024).

A dataset can contain multiple types of meta-information.
For manual creation of IFT data, attempting to cover multi-
ple types of meta-information within a dataset increases the
already-expensive human labour cost. In the KD framework,
the teacher’s prompt can simply be modified to include mul-
tiple types of meta-information, thereby contextualising the
generated output response on these meta-information types
(Lu et al. 2024). Work in (Lu et al. 2024) does such KD us-
ing the diverse meta-information available from three speech
datasets. These are IEMOCAP, LibriTTS, and PromptTTS.
However, the types of meta-information expressed within
these datasets are still limited, and most of the speech is syn-
thesised. The number of speech datasets is further expanded
to 6 in (Lu et al. 2025) comprising AccentDB, DailyTalk,
IEMOCAP, PromptTTS, VCTK, and VoxCeleb, covering
12 meta-information types. Several of the meta-information
types are annotated in a semi-supervised manner using an
automatic model, and may thus propagate recognition errors
from this model.

This paper expands the investigation of the KD caption-
ing framework to an even larger scale, over a wider diver-
sity of datasets and using more types of meta-information.



This may empower the multi-modal LLM to learn to under-
stand more types of information contained within the audio.
The datasets used and the meta-information extracted from
each dataset are listed in Table 2. 13 open-source datasets are
used, covering 29 meta-information types. The aim is to ex-
tract as many types of meta-information from each dataset as
possible. Speaking style can be read, spontaneous, acted, or
synthesised. Source refers to where the audio was obtained
from, and includes audiobook, podcast, and YouTube. First
language is the language that the speaker first became flu-
ent in. Spoken languages are the languages that the speaker
is able to converse in. Dominant language is the language
that the speaker uses in everyday communication. Noise in
Librispeech is either clean or noisy, depending on whether
the utterance belongs to the clean or other training set. Sen-
timent is either positive or negative.

Two issues are encountered when generating the teacher’s
reference output response. First, the teacher may halluci-
nate beyond the meta-information presented in the prompt.
A student learning from this reference may develop an exac-
erbated hallucinative behaviour. Second, the teacher’s out-
put may have selective coverage, and may not adequately
express all meta-information from the prompt. This yields
inefficient utilisation of the datasets. Multiple prompt vari-
ants were initially manually inspected for the hallucination
and coverage that they induce. Finally, the following prompt
format was found to yield a reasonable manually inspected
balance between hallucination and coverage:

You will hear an audio segment. In natural language, de-
scribe what you hear in as much detail as possible. Do
not apologize, and do not refer to the fact that you are
a large language model or an AI. If the audio contains
speech, then you must create a transcript of the exact
words spoken by the speakers in the same language that it
is spoken in. Also, give a detailed description of as many
characteristics of the speakers, speaking style, environ-
ment, emotion, sentiment, topic, accent, nationality, and
as many other types of characteristics as possible: 〈AU-
DIO〉{JSON}〈/AUDIO〉

This prompt is designed to be a captioning task. The
meta-information within the prompt is expressed in JSON
text format, with a JSON string replacing {JSON} in the
prompt. Using JSON empowers the flexibility to easily
include different sets of meta-information types between
datasets. When fine-tuning the multi-modal LLM student,
the same prompt is used, with 〈AUDIO〉{JSON}〈/AUDIO〉
now replaced by the audio prompt embeddings. This ap-
proach is analogous to (Lu et al. 2025), which also uses a
single captioning prompt to generate the teacher outputs for
all datasets. Future work may consider improving the cov-
erage of meta-information types in the output by modifying
the prompt to more specifically instruct the teacher to ad-
dress each type in the output.

As an example, for utterance Ses04F impro05 F017 from
IEMOCAP, the {JSON} prompt string is

{“transcript”: “I’ve had enough. I want to talk to-no,
no unacceptable I want to your supervisor. I am done

with this.”, “language”: “English”, “gender”: “female”,
“emotion”: “anger”, “number of speakers”: 1, “start
time”: 172.71, “end time”: 178.27, “style”: “sponta-
neous speech”, “duration”: 5.56, “emotion valence”:
4.5, “emotion dominance”: 4.5, “emotion arousal”: 1.5,
“emotion attribute range”: [1, 5]}

The output response generated by a Gemma2-9b-it (Gemma
Team 2024) teacher LLM is

A woman speaks in a clipped, frustrated tone. She sounds
angry and exasperated.
“I’ve had enough. I want to talk to-no, no unacceptable I
want to your supervisor. I am done with this.”
The speech is spontaneous and lacks polish.

During KD, the student has the opportunity to learn from
the meta-information types represented in the teacher’s out-
put. The teacher’s output has coverage over some, but not
all, of the prompted meta-information. This limited cover-
age may in turn limit the meta-information understanding
that the student can learn. However, coverage and halluci-
nation tend to be a trade-off in the teacher’s prompt design.
The prompt explicitly instructs the teacher to generate the
transcript, which the teacher obediently outputs in this ex-
ample, but not always. The presence of the transcript in the
teacher’s output gives the student the opportunity to learn to
identify the words spoken.

One aim of the KD approach is for the multi-modal LLM
student to learn to compute audio prompt embeddings that
express the diverse information types from the audio, in a
way that is as interpretable by the LLM as the text for-
mat meta-information in the teacher’s prompt. Two forms
of potential mismatch are purposely avoided here to em-
power such learning. First, as recommended in (Lu et al.
2025; Kuan and Lee 2025), the external teacher LLM is
chosen to be the same as the student’s seed LLM. This dif-
fers from (Chu et al. 2023; Pan et al. 2024; Lu et al. 2024),
which instead use different LLMs for the teacher and stu-
dent. Second, the student and teacher use the same prompt,
except for the segment where the meta-information is re-
placed by the audio prompt embeddings. In (Wang et al.
2024; Lu et al. 2024), different text prompts are used for
the teacher and student. In (Kang et al. 2024), the student
is prompted with audio only, without text. These choices of
matched LLMs and prompts aim to preserve the LLM’s orig-
inal behaviour from text instruction fine-tuning, thus avoid-
ing catastrophic forgetting of general instruction-following
capabilities across tasks outside those represented in the
multi-modal fine-tuning data.

In evaluation benchmarks such as (Wang et al. 2025), the
test set reference outputs are often manually written. These
manual references may express linguistic characteristics that
differ from the outputs that LLMs tend to generate, and may
be more similar to the reference outputs in manually writ-
ten IFT data. These linguistic characteristics include aspects
such as sentence length, choice of vocabulary, formality, and
grammatical correctness. Often, evaluation uses an external
LLM to judge the similarity between the hypothesis and ref-
erence texts. Judge LLMs may exhibit artifacts in their de-



liberation, which may manifest as placing greater empha-
sis on linguistic similarity, than on concept correctness. As
such, a multi-modal LLM fine-tuned with manually written
IFT data may yield a behaviour that is favoured by evalua-
tion benchmarks, compared to a KD-fine-tuned multi-modal
LLM. This may be especially so when the reference out-
puts of the IFT and evaluation datasets are manually writ-
ten by the same group of people, which is the case between
the IFT data in (He et al. 2025) and the evaluation data in
(Wang et al. 2025). To overcome this mismatch of linguistic
characteristics, KD is used together with IFT, either mixed
together within a single fine-tuning stage or in sequential
stages. Fine-tuning with both KD and IFT together also en-
courages the multi-modal LLM to learn more diverse in-
struction following from IFT, beyond the captioning task of
KD.

This paper uses a single prompt format for KD. This sim-
plifies the verification of the teacher’s hallucination and cov-
erage. However, it may limit the ability of the multi-modal
LLM to generalise beyond this fixed prompt format. Fu-
ture work may consider diversifying to a wider variety of
prompt formats. Perhaps, the process to verify hallucination
and coverage by the teacher may be automated to reduce hu-
man labour cost, by using external LLMs (Xie et al. 2025).
Related work in (Kuan and Lee 2025) also aims to reduce
hallucination in the multi-modal LLM student, by prompt-
ing the teacher to generate a response with both positive and
negative contrastive outputs.

Experiments
Experiments used a multi-modal LLM architecture and IFT
inspired by (He et al. 2025). The LLM was Gemma2-9b-
it. Whisper-large-v3 (Radford et al. 2023) encoder was used
as the audio encoder, to compute an embedding sequence
from input audio. A learned layer-weighted-sum combined
the embeddings across the encoder transformer layers (Yang
et al. 2021). An adaptor neural network converted the au-
dio embedding sequence into a sequence of audio prompt
embeddings, which is more interpretable by the LLM. This
comprised a feed-forward neural network with a single hid-
den layer of SiLU activations (Elfwing, Uchibe, and Doya
2018). The input of the adaptor downsampled the audio em-
bedding sequence to have a sequence length that was more
similar to that of a text token sequence. This was done us-
ing a sliding window with an equal shift and duration of 15
frames, which yields an audio prompt embedding sequence
length of 100 for 30 seconds of input audio. The linear out-
put layer converted the embedding dimension to match the
prompt token embeddings. The resultant audio prompt em-
bedding sequence was concatenated with the text prompt to-
ken embeddings as input to the LLM.

Only the parameters of the adaptor and layer-weighted-
sum were updated. This is because the paper aims to in-
vestigate alignment between audio and text representations,
which is primarily the job of the adaptor. The encoder was
not updated, to avoid catastrophic forgetting of the ability to
extract and express diverse audio information. The LLM was
not updated, to avoid catastrophic forgetting of instruction-
following behaviour. The setup in (Lu et al. 2025) also only

updates the adaptor. Unlike in (Yang et al. 2021), the layer-
weighted-sum here is task-independent. The multi-modal
LLM was fine-tuned using cross-entropy next-token predic-
tion, over 16 GPUs with a per-GPU mini-batch size of 5
samples, using AdamW (Loshchilov and Hutter 2019) with
a fixed learning rate of 5×10−5. With the available comput-
ing resources, the models were able to be fine-tuned up to
240K steps, which is about a fifth of an epoch of the entire
shuffled fine-tuning data collection. When more computing
resources become available in the future, it may be desirable
to fine-tune for longer. However, the models being compared
here were all fine-tuned over the same collection of datasets,
for the same number of steps, using the same model archi-
tecture, and therefore the experiment is a fair comparison.
This differs from (Lu et al. 2025), which instead compares
between KD and IFT models that are each fine-tuned over
different datasets for differing numbers of steps, using dif-
ferent model architectures and text LLMs.

The models were fine-tuned on the datasets in Tables
1 and 2, which are a subset of a larger collection that
is used for IFT in (He et al. 2025). The same human-
annotated prompts and reference responses were taken from
(He et al. 2025). The IFT prompts and responses were writ-
ten to cover the tasks shown in Table 1. This only referred
to a limited selection of the meta-information types avail-
able in the datasets during the annotation process, to limit
the labour cost. For KD, the teacher was chosen to be the
same Gemma2-9b-it LLM as used in the multi-modal LLM.
It generated reference outputs using the prompt format de-
scribed in the preceding section. Greedy decoding was used
to generate the teacher’s output response. Future work may
consider increasing the data diversity by using sampling
generation, but will need to assess the worsened coverage
or hallucination that may result.

The models were evaluated across the diverse speech
and audio tasks in the Dynamic-SUPERB (Huang et al.
2024) and AudioBench (Wang et al. 2025) benchmarks.
Dynamic-SUPERB focuses on classification tasks, with a
fixed set of possible answers, while AudioBench consid-
ers ASR and tasks with open-ended responses. Each bench-
mark comprises datasets across multiple tasks, taxonomised
into task categories. The Dynamic-SUPERB categories are
audio, content, degradation, paralinguistic, semantic, and
speaker tasks. The AudioBench categories are ASR, AC,
AR, ASQA, GR, Speech Instruction (SI), and SQA tasks.
In an SI task, the audio is of a spoken instruction command,
and the model is expected to generate an output that obeys
that spoken instruction. In AudioBench, SI can be viewed
here as a category of unseen tasks, as the IFT data used here
does not include SI. The evaluation metric for Dynamic-
SUPERB is the classification accuracy. For AudioBench,
ASR is evaluated using Word Error Rate (WER), while the
other categories are evaluated by using an external LLM
to compute a score between the hypothesis, reference, and
prompt, between a worst of 0 and best of 100, as described
in (Wang et al. 2025). For both benchmarks, an average was
computed with equal weight across all task categories. For
AudioBench, the WER for ASR tasks was first subtracted
from 100%, and then averaged with the judge scores from



the other task categories. Greedy decoding was used for
Dynamic-SUPERB, while the default AudioBench setting
of sampling generation with a temperature of 1.0 was used.
In Dynamic-SUPERB, the computation of the classification
accuracy requires one of the fixed set of output classes to be
inferred from the model’s output. In this paper, an external
Gemma2-9b-it LLM was used to summarise the long-form
hypothesis into one of the classes. The summariser LLM
was prompted with

You are a helpful assistant. A speech-text model was pre-
viously given the following question about a speech utter-
ance and then generated the following answer.
[
Question: {QUESTION},
Answer: {ANSWER}
]
Now, your job is to summarize this answer into one word
of either {CHOICES} that best represents this answer,
while considering this question about the speech utterance
that was given to the model. Your summary must be in the
same format as {CHOICES}. Do not include punctuation.

The prompt from the Dynamic-SUPERB data replaces
{QUESTION}. The multi-modal LLM’s generated long-
form output response replaces {ANSWER}. The set of pos-
sible classes is expressed in natural language and replaces
{CHOICES}.

The aim of the experiment is to compare KD and IFT.
Four fine-tuning schemes were compared:
• IFT for 240K steps.
• KD for 240K steps.
• Shuffle the IFT and KD samples together, and fine-tune

with these for 240K steps. This assesses the complemen-
tarity between IFT and KD when used together.

• Start from the 120K step checkpoint of KD, then fine-
tune for a further 120K steps with IFT. The aim is to
first let the adaptor learn from KD about how to ex-
press diverse audio and speech information interpretably
by the LLM. Then, IFT further encourages instruction-
following and outputs that follow the language structure
that human annotations tend to use, to better match the
reference outputs in the evaluation benchmarks.

The results are shown in Table 3 for Dynamic-SUPERB
and Table 4 for AudioBench. For Dynamic-SUPERB in Ta-
ble 3, the best average performance is obtained when first
using KD for 120K steps, then using IFT for another 120K
steps, yielding a final average accuracy of 46.8%. This out-
performs using either solely IFT or KD for 240K steps, with
accuracies of 46.2% and 41.1% respectively. This suggests
that KD and IFT may be complementary. When using KD
alone, the average performance does not surpass that of us-
ing IFT alone. A closer inspection of the outputs reveals that
the KD model more often than IFT complains that the task
cannot be accomplished because of a lack of audio in the
input. A possible explanation could be that since KD uses a
fixed prompt format and single captioning task, the adaptor
may not learn to represent the audio information in a man-
ner interpretable by the LLM when used in conjunction with

other text prompts and prompt-response tasks. On the other
hand, IFT uses a diversity of human-written prompts and
prompt-response tasks, thereby empowering better general-
isation. The complaints about missing input audio are par-
ticularly prevalent for tasks in the audio category, which are
sparsely represented within the fine-tuning datasets. While
these experiments used the standard evaluation prompts sup-
plied with the Dynamic-SUPERB and AudioBench bench-
marks, future work may consider mitigating this issue by
modifying the prompts to explicitly instruct the model not
to generate such complaints. KD yields particularly strong
improvements across all of the tasks in the semantics cat-
egory, of dialogue act classification, dialogue act pairing,
intent classification, and sarcasm detection, with an accu-
racy of 74.2% at step 240K. This is surprising, as these tasks
are unseen with respect to the types of meta-information
used in KD fine-tuning. It may suggest that a KD fine-tuned
model may generalise to a broader variety of unseen meta-
information types. A closer investigation into the model out-
puts for these tasks after KD reveals that, unlike other task
categories, the model complains less frequently that the task
cannot be achieved and seems somewhat better at following
the prompt instruction. The KD model also does particularly
well in the content category, with an accuracy of 55.7% at
step 240K. These are tasks related to recognising the words
in the speech, such as speech command recognition, spoken
term detection, speech text matching, language identifica-
tion, and speech detection. This could be due to the frequent
presence of transcript meta-information across most of the
datasets, and the emphasis to generate the transcript in the
KD prompt. As opposed to this, in IFT, the transcripts were
only shown in the reference output for the ASR task. As
such, the transcripts from several of the datasets were not
used, such as IEMOCAP and MELD for which the human
annotations focused on the emotion, and SLUE and Spoken
SQuAD for which the human annotations focused on ques-
tion answering.

For AudioBench in Table 4, the best average performance
arises from using a mixture of IFT and KD data, with an av-
erage score of 57.2 at step 240K. This again suggests com-
plementarity between IFT and KD, but perhaps in a differ-
ent way than that suggested by the Dynamic-SUPERB re-
sults. Using KD alone also again does not surpass the aver-
age performance of IFT alone. As with Dynamic-SUPERB,
a closer inspection of the AudioBench model outputs also
reveals that with KD, the model tends to complain more of-
ten that the task cannot be accomplished because of a lack of
audio input. This is especially so for the AR, ASQA, and GR
tasks. One might assume that the matching of linguistic style
between the model’s hypothesis and the human-annotated
reference may be more crucial for AudioBench than for
Dynamic-SUPERB, as AudioBench assesses long-form out-
puts. IFT may better align the model output’s linguistic style
with that of the reference outputs, compared to KD. How-
ever, a closer inspection of the model’s outputs did not reveal
any obvious bias of the scores toward the linguistic style of
the IFT model outputs. Instead, for SQA, it is noticed that
KD tends to yield longer model hypotheses, which may be
favoured by the external LLM judge, yielding high scores of



Table 3: Dynamic-SUPERB comparison between IFT and KD

Classification accuracy (%)↑
Training Step audio content degradation paralinguistic semantic speaker average

IFT 120K 43.3 50.7 43.6 31.4 53.2 51.5 45.6
240K 42.3 47.2 43.6 32.9 60.2 51.3 46.2

KD 120K 12.1 54.5 38.4 23.1 72.0 44.8 40.8
240K 7.2 55.7 41.6 23.4 74.2 44.3 41.1

Mix IFT & KD 120K 28.7 49.3 39.8 28.1 55.4 46.8 41.4
240K 32.6 47.4 43.2 31.1 52.8 44.9 42.0

IFT from KD step 120K 120K 45.0 47.1 42.2 35.0 65.5 45.9 46.8

Table 4: AudioBench comparison between IFT and KD

WER (%)↓ Judge score↑
Training Step ASR AC AR ASQA ER GR SI SQA average↑

IFT 120K 16.9 26.9 51.2 33.5 40.7 61.1 23.8 73.7 49.2
240K 24.4 26.5 56.2 40.3 34.3 77.4 23.9 75.0 51.2

KD 120K 45.3 13.6 7.4 23.3 41.5 23.6 42.6 82.1 36.1
240K 47.9 13.9 5.6 20.6 41.8 16.3 21.8 81.3 31.7

Mix IFT & KD 120K 34.7 25.4 53.7 27.9 45.7 55.4 39.6 79.4 49.0
240K 30.6 24.3 67.7 39.2 42.8 90.8 42.7 80.8 57.2

IFT from KD step 120K 120K 36.5 27.8 51.3 28.9 34.9 83.7 7.3 75.8 46.7

82.1 and 81.3 for steps 120K and 240K respectively. For
ASR, the poorer WERs of 45.3% and 47.9% for the KD
model are primarily dominated by poor performance in the
Earnings test sets, which have long-duration utterances. In
the Earnings test sets, the KD model tends to output more
formatting in the hypothesis, such as for URLs, numbers,
and named entities. No text normalisation was performed
in the KD teacher’s prompt meta-information. As such, the
teacher may output the formatted transcript from the prompt.
On the other hand, IFT does normalise the reference tran-
scripts for the ASR task, thus suppressing the generation of
formatted text in the model’s output. This matches the nor-
malised evaluation reference. Surprisingly, even though the
KD model was not fine-tuned explicitly for ASR, it is still
able to consistently output only the transcription, without
any descriptive captioning, when instructed to perform the
ASR task. The SI category is unseen with respect to both
IFT and KD. For IFT, SI is the category with the poorest
judge scores of 23.8 and 23.9, suggesting a difficulty to gen-
eralise to unseen tasks. For KD, the 120K step checkpoint
initially performs well on SI with a score of 42.6, but the
performance is inconsistent, as it later degrades at the 240K
step to a score of 21.8. Mixing IFT and KD seems to yield
more consistent generalisation to the unseen SI task, with
scores of 39.6 and 42.7 at steps 120K and 240K respectively.

Taken together, the results suggest that KD and IFT
are complementary fine-tuning approaches. Therefore, when
used together, the adaptor better learns to express diverse in-
formation from the audio in a way that is interpretable by
the LLM. However, using KD alone may not be optimal.
Thus, KD data can be added to existing IFT data, to in-
crease the quantity and diversity of the data with minimal
additional labour cost. The student’s frequent occurrence of

complaining that audio input is lacking may potentially be
reduced by diversifying the teacher’s prompt format to im-
prove generalisation. Future work may consider how to di-
versify this prompt while still ensuring wide coverage of
meta-information and low hallucination in the teacher’s out-
put response. The previous investigation in (Lu et al. 2025)
did not show a degraded performance of using KD alone
compared to IFT, possibly because the comparisons used
different datasets, model architectures, and text LLMs for
each fine-tuning approach. A fairer comparison in this paper
yields more comparable trends.

Conclusion
This paper extends KD fine-tuning of a multi-modal speech-
text LLM to a wider diversity of meta-information types and
datasets. The experiment presents a comparison between
IFT and KD in a fairer setup than prior works. The results
show that IFT and KD are complementary in their ability
to fine-tune the adaptor, to compute embeddings from audio
that express diverse information types in a way that is inter-
pretable by the LLM. However, KD alone may not surpass
the IFT performance on average.
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