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Abstract

Standard training for Multi-modal Large Language Models (MLLMs) involves
concatenating non-textual information, like vision or audio, with a text prompt.
This approach may not encourage deep integration of modalities, limiting the
model’s ability to leverage the core language model’s reasoning capabilities. This
work examined the impact of interleaved instruction tuning in an audio MLLM,
where audio tokens are interleaved within the prompt. Using the Listen, Think,
and Understand (LTU) model as a testbed, we conduct an experiment using the
Synonym and Hypernym Audio Reasoning Dataset (SHARD), our newly created
reasoning benchmark for audio-based semantic reasoning focusing on synonym
and hypernym recognition. Our findings show that while even zero-shot interleaved
prompting improves performance on our reasoning tasks, a small amount of fine-
tuning using interleaved training prompts improves the results further, however, at
the expense of the MLLM’s audio labeling ability.

1 Introduction

Multi-modal Large Language Models (MLLMs) continue to face significant reasoning challenges.
In the visual domain, models often struggle with complex spatial relationships and compositional
understanding [1, 2, 16, 21]. In the audio domain, the challenges faced with visual signals persist and
are compounded by the inherently temporal nature of audio signals. Our prior work [3] demonstrated
that audio MLLMs fail to connect the LLM’s text-based reasoning abilities to audio modality,
particularly struggling with semantic reasoning tasks. Recent studies on Vision-Language Models
(VLMs) have suggested that some models behave like "bag-of-words" encoders, focusing on a few
salient features rather than processing the input sequentially and contextually [25, 18]. This suggests
that model may not be "reading" and reasoning over the non-textual input with the same attention it
applies to text. To address this limitation, researchers have begun used interleaved training prompts,
where multiple modalities like text, images, and audio are interwoven in a single, continuous sequence
[23, 26, 12, 14, 13, 5]. The hypothesis is that by positioning non-text tokens amongst text tokens
within the sequence, the LLM’s core attention mechanisms can be leveraged to encourage it to pay
closer attention to the multi-modal inputs and their relationship to text.

To address the semantic reasoning gap identified in our previous study [3], we present a systematic
investigation of the impact of interleaved prompts for similarity-based and hierarchical semantic
reasoning with audio. We introduce a new benchmark designed to evaluate audio-based semantic
reasoning through two tasks: synonym (similarity) and hypernym (hierarchical) reasoning. Our study
follows a three-stage approach. Firstly, we examine the zero-shot impact of applying the interleaved
prompts to the original Listen, Think and Understand (LTU) model [8]. Second, we examine the
impact of fine-tuning the model with an interleaved instruction dataset with both small-scale (40K
samples) and large-scale (1 million samples) training sets. We also evaluate the impact of our
fine-tuning on the MLLM’s audio labeling functionality.
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2 Background

MLLMs are built to integrate non-textual modalities, like vision and audio, with the powerful
reasoning abilities of LLMs. While visual MLLMs show promise, research has revealed significant
reasoning limitations, such as poor spatial reasoning [18, 1, 16] and a tendency for catastrophic
forgetting of the core LLM’s capabilities when non-linguistic prompts are introduced [24]. This
reasoning gap also persists in recent audio MLLMs. Models such as LTU [8] and SALMONN [19]
have been developed to answer questions about audio. However, our prior work [3] demonstrated
that while these two models are proficient at descriptive tasks like audio captioning, they cannot fully
leverage their LLM’s text-based reasoning for complex semantic tasks (specifically, synonym and
hypernym identification). This finding suggests that the standard training method creates a shallow
integration between the LLM and the multi-modal encoder, limiting the MLLM’s ability to apply the
LLM’s conceptual knowledge directly to the audio input.

One way to address this integration failure is interleaved instruction tuning, where audio tokens are
interleaved directly within the text prompt. This method has been applied in training various vision
and audio MLLMs novel architectures (e.g., Chameleon [20], Mantis [5], Emu3 [23], and APT [15]),
however, none of these papers have systematically examined the specific impact of interleaving itself.
In this work, we investigate the impact of interleaving audio tokens within the text prompt on the
LTU [8] model’s semantic reasoning capabilities.

3 Method

Base Model and Interleaved Adaptation. Our investigation builds on the LTU model, which pairs
an audio encoder E4 using CAV-MAE [9] and a LLaMa [22] backbone. The audio encoder E 4
processes 10-second raw audio clip A;;, into 32 embeddings H4 € R32%daudio and projects them to
a 4096-dimensional space Z 4 € R32%409 to match the LLM’s input. The text prompt 7" is tokenized
and embedded by the LLM’s embedding layer to obtain Ex € REX409 where L is the number of
text tokens. For the conventional non-interleaved setup, also used in LTU, it typically prepends the
entire audio embeddings Z 4 to the text embeddings:

Inon—imerleaved = [ZAa ET] = {Zlv ey 232, tl> e »tL}

For an interleaved setup, we place the audio embeddings at any position of the text (e.g., between
or end). If we place audio embeddings between of text, the prompt 7" will be structured as T =
(Tpre, (audio), Thos). Here, (audio) represents a conceptual placeholder for audio modality, T}, is
the text before the audio, and T}, is the text after. The final input sequence Iipertcaved 18:

Tinerteaved = [Epre; Z a5 Epost) = {t1, .- i 21, ., 232, i1, ... tL}

To adapt the original LTU for this interleaved structure, we implement this concept by introducing
a new special token [AUDIO]. During the preprocessing, each occurrence of [AUDIO] expands to
32 positions. At runtime, those 32 positions are replaced by the audio embeddings Z 4, and the rest
of the sequence consists of ordinary text tokens. The detailed mathematical formulation is listed in
Appendix A. For parameter-efficient fine-tuning, we replicate LTU’s Low-Rank Adaptation (LoRA)
[11] setup with a rank of » = 8 and scale o« = 16. The training objective is standard autoregressive
cross-entropy over the sequence. During the finetuning, we keep input data as training data but
we mask the labels of audio tokens hence only text tokens contribute to the loss. All fine-tuning
experiments are conducted on two A40 GPUs using a batch size of 4 and a learning rate of 2e — 5.

Fine-tuning Dataset. To study interleaved instruction tuning, we created a 1-million-item finetuning
dataset (as well as a 40k-item subset) with interleaved prompt by reformulating the audio question-
answering dataset released by LTU [8], rather than introducing new audio sources or reasoning-related
question-answering data. This approach ensures that any observed performance changes can be
more directly attributed to the change in interleaved prompt adaptation. The released audio question-
answering dataset contains a mix of closed-ended and open-ended questions and audio sources from
various public benchmarks [7, 10, 17, 6]. In our experiment, we used samples sourced from the
AudioSet-Strong [10] training set for open-ended questions and samples from both the AudioSet-
Balanced [7] training and AudioSet-Strong [10] training sets for closed-ended classification tasks. A
core principle of our interleaved prompt design is to minimize explicit modality cues to encourage
the LLM to process the audio embeddings more akin to textual tokens within the sequence. To
achieve this, we omitted phrases that explicitly refer to the audio modality, such as "in this audio



Table 1: Prompt templates for the Identity, Synonym, and Hypernym evaluation tasks. For all Non-
interleaved prompts, the audio embeddings are automatically prepended to the textual instruction.
The [AUDIO] token indicates where audio embeddings are inserted for the Interleaved format.

Identity Non-interleaved  Can you list the labels based on this audio file?
Interleaved Can you list the labels based on [AUDIO]?

Similarity Non-interleaved Is the sound of the object in this audio signal similar to
{synonym}?

(synonym) Interleaved Is [AUDIO] similar to {synonym}?

Hierarchy Non-interleaved Is the sound of the object in this audio signal a type of {hy-
pernym}?

(hypernym) Interleaved Is [AUDIO] atype of {hypernym}?

clip" or “listen to this recording” from the original non-interleaved prompt. To generate a diverse and
linguistically rich dataset, we designed a series of new system and user prompt templates with GPT-
4.1 mini to rephrase the original prompt into an interleaved format, embedding a special [AUDIO]

placeholder within the prompt text. A temperature sampling strategy with values ranging from 0.7 to
1.1 was employed during this generation process to encourage variability in wording. Crucially, while
the textual prompt was reformulated, the source audio clip and the corresponding ground-truth answer
label remained identical to the original dataset, ensuring that the primary experimental variable
was the prompt format itself. The complete prompt generation methodology, including all prompt
templates and representative data samples, is detailed in Appendix B.

Audio Reasoning Benchmark. To evaluate the model’s ability to apply lexcial reasoning to audio
inputs, we developed the Synonym and Hypernym Audio Reasoning Dataset (SHARD) building on
our earlier work [3], focused on two fundamental semantic relationships, synonym and hypernym.
It facilitates evaluation of whether an MLLM understands and uses the audio to support a textual
relation decision, forming a solid audio reasoning benchmark. Specifically, synonyms test the model’s
ability to recognize semantic equivalence (e.g., car and automobile), while hypernyms assess its grasp
of hierarchical classification (e.g., recognizing that a car is a type of vehicle). SHARD consists of 78
words, with two synonyms and hypernyms per word and four audio examples of the word from the
AudioSet evaluation dataset [7], selected to include only audio files that contain only the sound of the
corresponding word/label. These labels were selected to ensure broad categorical coverage across
three types of sounds found in AudioSet: anthrophony (sounds made by humans), biohphony (sounds
made by animals), and geophony (sounds made by non-biological nature). Synonyms and hypernyms
were collected from the lexical database WordNet [4].

Experimental Methodology. Our experiment consists of three stages. First, we investigate the
zero-shot impact of applying interleaved prompts directly to the baseline LTU model. Second, we
fine-tune the model on a subset (40K samples) of the full fine-tuning dataset described above. And
third, we use the full fine-tuning dataset (1 million samples) to observe the impact of data volume on
the task. For each stage, we evaluate the performance of model variants with the SHARD benchmark’s
prompts on synonym and hypernym based reasoning tasks. The specific prompt templates used to
examine these relationships in both non-interleaved and interleaved formats are detailed in Table 1.

Each unique query from SHARD (a specific audio file and word pair) was repeated four times
to account for the stochastic nature of the model’s responses.To efficiently evaluate the model’s
responses to the synonym and hypernym tasks, we parse the generated text using whole-word regular
expressions to extract a binary decision. We map common negative phrases (e.g., "no", "does not", "is
not") to a "No’ decision and affirmative phrases (e.g., "yes", "does") to a ’Yes’ decision. We evaluate
the models’ ability to label audio events via regular expression exact match against the canonical

AudioSet label strings.

4 Results

We evaluated each model configuration on SHARD, reporting Accuracy, Precision, Recall, and F1
scores for both the synonym and hypernym tasks in Table 2, along with the model’s ability to predict
the original AudioSet label (Identity). Zero-shot interleaving on the original LTU model improved
recall performance from 18.31% to 54.13% for synonyms and 52.76% to 70.82% for hypernyms. But
this came at the expense of the precision, which declined from 96.45% to 52.90% for synonyms and



Accuacy (%) Precision (%) Recall (%) F1 Score (%)

Model Identity Syno. Hyper. Syno. Hyper. Syno. Hyper. Syno. Hyper.
LTU baseline (non-interleaved) 48.45 59.50 76.40 96.45 9890 18.31 52.76 30.78 68.81
LTU baseline(interleaved) 41.69 53.75 63.57 52.90 61.33 54.13 70.82 53.51 65.74

LTU FT-Small (interleaved) 39.33 68.75 80.26 84.81 91.45 44.40 66.18 5829 76.79

LTU FT-Large (interleaved) 28.75 53.93 66.91 100.00 87.10 6.31 38.67 11.88 53.56

Table 2: Results on the identity, synonym (Syno.), and hypernym (Hyper.) tasks. Values are
percentages for Accuracy, Precision, Recall, and F1. LTU baseline refers to vanilla LTU. FT denotes
fine-tuned models; “Small/Large” indicate the size of the fine-tuning dataset.

98.90% to 61.33% for hypernyms, compared to the non-interleaved prompting of the original LTU
model. Overall, interleaved prompting increased the F1 score on both the synonym task from 38.78%
to 53.51%, but it reduced the F1 score slightly on the hypernym task (from 68.81% to 64.75%) as
well as accuracy on the identity task from 48.45% to 41.69 %.

Fine-tuning with the small dataset, improved precision for both synonyms (84.81%) and hypernyms
(91.45%) over the interleaved prompting of the baseline model, with only a small decline in recall,
44.40% for synonyms and 66.18% for hypernyms. This resulted in a higher F1 score for both the
synonym (58.29%) and hypernym (76.69%) tasks over either prompting strategies on the baseline
model. Accuracy on identity, however, declined to 39.33%, lower than both prompting strategies.

Fine-tuning with the large dataset (FT-Large) resulted in a sharp decline in recall compared to the
FT-Small model, dropping to 6.31% for synonyms and 38.67% for hypernyms. At the same time, this
model’s precision was 100.00% for synonyms and 87.10% for hypernyms while identity accuracy
fell to 28.75%.

5 Discussion

Our results demonstrate that: (1) First, MLLMs with non-interleaved setup can benefit from inter-
leaving. Even without training, simply changing the prompt from a non-interleaved to an interleaved
format improved the baseline LTU model’s behavior on semantic reasoning tasks, although the
model’s ability to label audio events deteriorated. (2) Second, small-scale fine-tuning on interleaved
prompts (FT-Small) achieves the best-balanced F1 scores for both synonyms and hypernyms. We
hypothesize this improvement stems from the attention mechanism. The interleaved instruction
allows audio tokens to attend directly to preceding text, rather than only to other audio tokens. This
provides immediate textual context for the audio, forcing the model to establish a tighter, more
granular alignment, which in turn improves its reasoning accuracy. (3) Third, naively scaling the
fine-tuning data (FT-Large) resulted in a significant performance collapse. We observe overfitting,
where the model becomes overly conservative with decreasing recall and increasing precision on both
the synonym and hypernym tasks. We also observed catastrophic forgetting through the decline in
accuracy on the identity (labeling) tasks. The decline in labeling accuracy is likely contributing to
the substantial decrease in recall for the synonym task, as there is an increase in misclassification
with objects of similar type (e.g., sailboat and motorboat), which causes issues for the identity and
synonym tasks but not the hypernyms one because they still fall into the same larger-scale category.

6 Conclusions and Future Work

In this work!, we demonstrated the positive impact of interleaved instruction tuning on semantic
reasoning capabilities in an audio-based MLLM. We also introduced SHARD, a novel benchmark for
audio-based semantic reasoning with synonyms and hypernyms.)Through a series of experiments
with SHARD, we showed that using interleaved prompting on the original MLLM improved semantic
reasoning and that small-scale fine-tuning (FT-Small) on interleaved prompts improved results further.
However, naively scaling the fine-tuning (FT-Large) can lead to overfitting and catastrophic forgetting
of the MLLM’s audio labeling capability. The decline in audio labeling capability, was observed to
a lesser extent in all interleaved conditions, suggesting that, in future work, incorporating diverse
interleaved data earlier in the pre-training phase would facilitate more robust and generalizable
audio-reasoning MLLMs.

'The code is available at https:/github.com/LUMaA-CUNY/Interleaved-Audio-MLLM and SHARD is
available at https://github.com/LUMaA-CUNY/SHARD.
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Appendix A: Detailed Model Formulation

1. Modality-Specific Input Processing
The model first processes the audio and text inputs in parallel to convert them into a shared embedding
space.

Audio Processing A raw 10-second audio clip, Acp, is fed into the pre-trained CAV-MAE audio
encoder, F 4, which generates a sequence of 32 feature-rich embeddings, H 4:

Hy = Es(Adgip) where Hy € R32X daudio

These embeddings (where d,gio = 768 for CAV-MAE) are then passed through a linear projection
layer, P, to match the 4096-dimensional hidden space of the LLaMa backbone, resulting in the final
audio sequence Z 4:

Za = P(Hy) where Z, € R32x409

Text Processing A raw text prompt, 7', is first processed by the LLaMa tokenizer, which converts
the string into a sequence of L integer token IDs, Tjgs:

Tigs = Tokenizer(T') = {idy,ids,...,idr}
These token IDs are then passed through the LLaMa model’s own word embedding layer, Embed(-),
to produce the final text embedding sequence Er:

Ep = Embed(T) = {t1,t,...,t1} where Ep € RE*409%

2. Sequence Construction
Once Z 4 and Er are computed, they are combined into a single input sequence /. The construction
of this sequence differs between the baseline model and our proposed method.

Non-Interleaved Construction (Baseline) In the conventional non-interleaved setup, as used
by the original LTU model, the entire sequence of audio embeddings Z 4 is prepended to the text
embeddings Fr. This creates a single sequence Ipon.interleaved:

Thon-interleaved = [ZA§ ET] = {Zla ey 232,01, atL}
Here, the model first processes all audio information before processing any text.
Interleaved Construction For our interleaved setup, the final input sequence Iiperieaved 1S CON-
structed by inserting the audio embeddings 7 4 into the text embeddings Er at the position indicated
by a conceptual placeholder (audio). For a prompt T' = (T, (audio), Tpos), the corresponding
embedding sequences Ep. and Ep, are combined with Z 4:
Tinterleaved = [Epre§ Z A; Epost] = {t17 cesti 21,00, 232, b1, e tL}

Let this full input sequence of total length N tokens be denoted X = {x1, s, ...,xy}, where each
T, is a 4096-dimensional vector from either 7 or Z 4.

3. Training Objective

The model is trained using a standard autoregressive, next-token prediction objective with a cross-
entropy loss. Let X = {z1,...,zx} be the input sequence and Y = {y,...,yn} be the target
tokens (i.e., the input sequence shifted by one). The total loss L is:

N
L==) log Plys|z1,...,2n)

n=1

During fine-tuning, we only want the model to predict text tokens, not audio embeddings. We apply a
binary mask m,, to the loss, where m,, = 1 if x,, is a text token and m,, = 0 if x,, is an audio token.
The final masked 108S £ pasked 1S:

N
Emasked = - Z My - log P(yn‘zla v 7$n)

n=1

In practice, this masking is commonly implemented by setting the target labels y,, corresponding to
audio tokens to —100, which is the standard ignore-index for the cross-entropy loss.



Appendix B: Prompt Generation for Fine-Tuning Dataset

1. Prompt Generation

To create our fine-tuning datasets, we developed a pipeline to reformulate the original LTU audio
question-answering data into our desired interleaved format. This process used GPT-4.1-mini to
generate a set of diverse prompts based on two question types: closed-ended and open-ended
questions. As described in LTU[8], the closed-ended questions includes two types of classification
tasks, label classification and acoustic feature classification, which have a fixed output format and
objective answers. The open-ended questions are free-form and were designed to train the LTU
model in advanced audio reasoning and comprehension abilities. These questions span multiple tasks,
including audio reasoning and audio scene analysis.

The primary objective of this pipeline was to convert the original non-interleaved prompts into a new
format where the [AUDIO] placeholder token was naturally integrated within the instruction’s text.
The generated prompts should be grammatically correct, semantically equivalent to the originals, and
linguistically diverse, avoiding simple, repetitive templates. In order to encourage GPT-4.1-mini to
vary its sentence structure and phrasing, a randomly selected instruction from a predefined list was
appended to each system prompt (see Table 3).

Moreover, a temperature sampling strategy with values ranging from 0.7 to 1.1 was employed during
this generation process to encourage further variability in wording. Crucially, while the textual
prompt was reformulated, the source audio clip and the corresponding ground-truth answer label
remained identical to the original dataset, ensuring that the primary experimental variable was the
prompt format itself.

Table 3: List of instructions randomly selected from and appended to the system prompt during
generation to increase linguistic diversity.

* Use creative and varied language.

* Employ different sentence structures and word choices.

* Be innovative in your phrasing while maintaining clarity.

* Use diverse vocabulary and avoid repetitive patterns.

* Create unique formulations while keeping the core meaning.

* Vary your word choice and sentence construction.

* Express the same concept using different linguistic approaches.

* Be original in your expression while preserving the instruction’s purpose.

The exact prompt templates used to guide the generation for each task are detailed in Table 4, Table
5, and Table 6. Each prompt template consists of two primary parts: a system prompt that defines the
LLM’s role and general task rules, and a user prompt that provides the specific task. As shown in the
tables, these templates contain placeholders ({non-interleaved prompt} and {instruction}).
The {non-interleaved prompt} is filled with a non-interleaved prompt used in the original LTU,
while {instruction} is filled with a randomly selected instruction from Table 3 to ensure linguistic
diversity. While all templates share common rules (e.g., the mandatory single [AUDIO] placeholder
or the instruction to avoid referring to media files directly) in the system prompt, each includes
unique task-specific constraints. For example, the prompt for acoustic feature classification (Table
5) requires the model to ask for both a label and its acoustic properties, while the open-ended QA
prompt (Table 6) focuses on rephrasing the original question. We employed a few-shot prompting
technique to present a small number of good example responses to the LLM, ensuring that the
generated interleaved prompts are of high quality, task-appropriate, and aligned with our research
goals.



Table 4: Input prompt template for reformulating non-interleaved prompts into interleaved prompts
for closed-ended label classification task. A random instruction from Table 3 was appended to the
System prompt to diversify the output.

Role

Content

System

You are an expert Al assistant specializing in revising prompts for multimodal language
models. Your task is to rewrite a given prompt into a new, interleaved format.

Your Rules:

1.
2.
3.
4.
5. Your final output must be a single JSON object with one key: "revised_prompt".

You must take the user’s *Old Prompt’ and rephrase it into an abstract, interleaved
instruction.

The new prompt must contain the exact placeholder [AUDIO] one and only one
time.

The new prompt must avoid words that explicitly refer to a media file, such as
"clip," "recording," or "audio file."

The new prompt must be completely general and scenario-agnostic.

Do not include any other text.

IMPORTANT: {instruction} Make each instruction distinct and avoid formulaic re-
sponses. Use different words and sentence structures even when the meaning is similar.

User

I need to revise the following prompt for a simple audio classification task. The goal is to
ask for a list of labels.

Old Prompt: "{non-interleaved prompt}"

Please revise it into a new, single-string interleaved prompt.

Good Revision Examples:

"After you hear [AUDIO], what are the appropriate classification labels?"
"Listen to this: [AUDIO]. Now, list the corresponding tags."
"Consider [AUDIO]. What are its corresponding labels?"

Provide your output as a single JSON object with the key "revised_prompt".




Table 5: Input prompt template for reformulating non-interleaved prompts into interleaved prompts
for the acoustic feature classification fine-tuning task. A random instruction from Table 3 was
appended to the System prompt to diversify the ouptut.

Role

Content

System

You are an expert Al assistant specializing in revising prompts for multimodal language
models. Your task is to rewrite a given prompt into a new, interleaved format for a complex
audio classification task that requires acoustic descriptions.

Your Rules:

1. You must take the user’s *Old Prompt’ and rephrase it into an abstract, interleaved
instruction.

2. The new prompt must contain the exact placeholder [AUDIO] one and only one
time.

3. The prompt must explicitly ask for both a label AND a description of its acoustic
features.

4. The new prompt must avoid words that explicitly refer to a media file, such as
"clip," "recording," or "audio file."

5. The new prompt must be completely general and scenario-agnostic.

6. Your final output must be a single JSON object with one key: revised_prompt,
e.g. {’revised_prompt’: ’...’°}. Do notinclude any other text.

IMPORTANT: {instruction} Make each instruction distinct and avoid formulaic re-
sponses. Use different words and sentence structures even when the meaning is similar.

User

I need to revise the following prompt for a complex audio classification task. The goal is
to ask for a list of labels, each with a description of its acoustic properties.

Old Prompt: "{non-interleaved promptl}"
Please revise it into a new, single-string interleaved prompt.

Good Revision Examples:
e "Listen to this: [AUDIO]. For each component you identify, list its label and
describe its acoustic features."
e "Regarding [AUDIO], what labels are suitable, and what are their key sound
properties?"
e "Analyze what you hear in [AUDIO]. Return a list of labels paired with their
distinguishing acoustic qualities."

Provide your output as a single JSON object with the key revised_prompt, e.g.
{’revised_prompt’: ’...°}.
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Table 6: Input prompt template for reformulating non-interleaved prompts into interleaved prompts
for the open-ended QA fine-tuning task. A random variety prompt from Table 3 was appended to the
System prompt to diversify the output.

Role

Content

System

You are an expert Al assistant specializing in revising prompts for multimodal language
models. Your task is to rewrite a given open-ended question into a new, interleaved format.

Your Rules:

1. You must take the user’s Old Prompt’ and rephrase it by naturally integrating the
[AUDIO] placeholder into the question.

2. The new prompt must preserve the full intent and meaning of the original question.

3. The new prompt must contain the exact placeholder [AUDIO] one and only one
time.

4. The new prompt must avoid words that explicitly refer to a media file, such as
"clip," "recording," or "audio file."

5. The resulting prompt should be a single, grammatically correct, and natural-
sounding question.

6. Your final output must be a single JSON object with one key: "revised_prompt".
Do not include any other text.

IMPORTANT: {instruction} Make each instruction distinct and avoid formulaic re-
sponses. Use different words and sentence structures even when the meaning is similar.

User

I need to revise the following prompt for an open-ended audio question-answering task.
The goal is to rephrase the question to include an audio placeholder.

Old Prompt: "{non-interleaved prompt}"
Please revise it into a new, single-string interleaved prompt.

Good Revision Examples:

¢ Old: "What other sound events, if any, can be heard in the audio clip?" -> New:
"What other sound events, if any, can be heard in [AUDIO0] ?"

* Old: "Based on the acoustic features, can you tell the type of vacuum cleaner?"
-> New: "Based on [AUDIO], can you tell the type of vacuum cleaner?"

* Old: "Describe the environment where this sound was likely recorded." -> New:
"Based on what you hear in [AUDIO], describe the environment where it was
likely recorded."

Provide your output as a single JSON object with the key "revised_prompt".

2. Sample Output

Below are representative examples from the resulting fine-tuning dataset, showing the original (non-
interleaved) prompt, the new interleaved reformulation, and the ground-truth answer. These examples
are based on the original LTU audio question-answering data, which consists of two main types:
closed-ended and open-ended questions. The closed-ended questions include classification tasks like
simple label classification (Table 7) and more complex acoustic feature classification (Table 8). The
open-ended questions (Table 9) are free-form and designed to train advanced audio reasoning and
comprehension abilities.
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Table 7: Sample Example: Classification Task (Label)

Original Prompt: Analyze audio events in clip given.

Interleaved Prompt: Reflect on the contents of [AUDIO] and enumerate the relevant categories it
represents.

Ground-Truth Answer: Labels: Squeal

Table 8: Sample Example: Classification Task (Acoustic Features)

Original Prompt: Identify the noise in the audio clip? Analyze acoustic features first.

Interleaved Prompt: Consider [AUDIO] and enumerate all discernible sound categories, specifying
for each both an appropriate label and a detailed account of its auditory characteristics.

Ground-Truth Answer: Labels with acoustic features: Punctuated and deep -> Car; High-pitched,
screeching and piercing -> Tire squeal; Sharp and abrasive -> Skidding; Loud, deep and metallic ->
Vehicle

Table 9: Sample Example: Open-ended Task (Description)

Original Prompt: What is the volume of the electric shaver sound compared to the music and
singing?

Interleaved Prompt: How does the volume of the electric shaver sound in [AUDIO] compare to
the music and singing?

Ground-Truth Answer: The electric shaver sound is described as high-pitched and faint compared
to the clear and vibrant music and rich and resonant singing.

Appendix C: Disclosure on the Use of LLMs

First, an LLM was an integral component of our fine-tuning data generation pipeline. We used GPT-
4.1-mini to systematically reformulate prompts from the original LTU dataset into the interleaved
format used for our experiments. The specific prompts used to guide this generation process are
detailed in Appendix B.

Second, we used OpenAI’s GPT-5 to help refine code and improve grammar as well as clarity of the
manuscript. The scientific concepts, experimental design, results, and conclusions presented in this
paper are the original work of the human authors, who take full responsibility for the content of the

paper.

12



	Introduction
	Background
	Method
	Results
	Discussion
	Conclusions and Future Work

