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Abstract

Large audio-language models (LALMs) benefit
from Chain-of-Thought (CoT) prompting for
audio question answering (AQA), but acquiring
audio CoT examples is particularly challenging
as it requires sequential listening and careful in-
tegration of acoustic and linguistic information.
Surprisingly, our experiments reveal that stan-
dard few-shot prompting yields inconsistent
results compared to zero-shot CoT, with sev-
eral models showing degraded accuracy. More-
over, few-shot prompting incurs substantially
higher inference costs by processing multiple
audio demonstrations per inference. We pro-
pose Audio-Induct, which induces reusable tex-
tual task instructions from few audio examples
once per task, requiring no additional demon-
strations at inference. Evaluated on 9 LALMs
across two benchmarks, Audio-Induct outper-
forms state-of-the-art prompting methods while
maintaining low inference costs. Inducted Task
Instructions transfer effectively across models,
enabling scalable deployment.

1 Introduction

Recent advances in large audio-language models
(LALMs) have enabled sophisticated audio under-
standing across diverse tasks (Yang et al., 2025), in-
cluding audio question answering (AQA). Similar
to text-only models, LALMs benefit from Chain-
of-Thought (CoT) prompting (Ma et al., 2025a),
where providing demonstrations with explicit rea-
soning steps improves performance. However, au-
dio presents unique challenges for CoT annotation:
it requires sequential listening and careful integra-
tion of acoustic and linguistic information (Ma
et al., 2025b), making high-quality annotation sub-
stantially more difficult than text or images. Con-
sequently, audio CoT datasets remain scarce.
While audio CoT demonstrations are difficult to
acquire, few-shot prompting (Brown et al., 2020)
without explicit reasoning annotations could still be
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Figure 1: Overview of the Audio-Induct framework.
Stage 1 analyzes few AQA examples to induce a
reusable task instruction once per task. Stage 2 applies
the instruction to new instances without requiring audio
demonstrations at inference.

beneficial. However, our experiments reveal unex-
pected challenges when applying this approach to
audio reasoning. First, few-shot prompting yields
inconsistent results, with several models showing
degraded accuracy compared to zero-shot CoT (Ko-
jima et al., 2022) rather than the expected improve-
ments. Second, few-shot prompting incurs substan-
tially higher inference costs by processing multiple
audio demonstrations per inference, where a 30-
second audio sample costs equivalent to 20,000
text tokens in LALLM APIs such as Voxtral Small.

Motivated by the success of instruction induc-

tion in text domains (Honovich et al., 2023; Chen
et al., 2024b), we propose Audio-Induct, a frame-
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work for audio reasoning that generates reusable
task-level instructions from few audio examples.
Given few AQA examples, Audio-Induct induces
a purely textual instruction capturing the reason-
ing procedure, which can then be applied to new
instances using only their audio input, requiring
no demonstration audio at inference time. Across
nine LALMs on two audio reasoning benchmarks,
Audio-Induct outperforms zero-shot CoT (Kojima
et al., 2022), few-shot prompting, and Strategic
Chain-of-Thought (Wang et al., 2024) while main-
taining low inference costs. Furthermore, instruc-
tions induced by stronger models transfer effec-
tively to smaller models, enabling cost-efficient
deployment at scale.

In summary, our contributions are: (1) the first in-
struction induction framework for audio reasoning,
(2) comprehensive evaluation showing superior per-
formance over existing prompting methods, and (3)
demonstration of effective cross-model instruction
transfer for cost-efficient deployment.

2 Method

Audio-Induct is a two-stage approach that induces
reusable task instructions from few AQA exam-
ples, then applies them to new instances without
requiring demonstrations at inference.

2.1 Task Instruction Induction

This stage analyzes a few AQA examples with
ground-truth answers to induce a textual instruc-
tion capturing the task’s reasoning procedure. We
define the example set as:

8 = {(a17QI7y1)7 veey (aNanayN)}7

where IV is the number of examples, a; is the audio,
q; is the question, and y; is the ground-truth answer.
We use an instruction induction meta-prompt
Py to guide the LALM through a two-step reason-
ing process within a single generation. The model
first produces a multi-modal analysis m examining
patterns across the audio and textual components.
This analysis then guides the induction of the task
instruction Pr with structured operational steps:

(m, PT) = LALN[(F)]\/[7 8)

The resulting Pr is a reusable, purely textual
instruction applicable to all instances within the
same task type. Importantly, this induction pro-
cess occurs only once per task, amortizing the cost
across all subsequent inferences. The complete
meta-prompt template is provided in Appendix G.

2.2 Task Instruction Application

At inference time, the induced instruction Pr is
applied to solve new instances from the same task.
Given a new instance with audio a* and question
q*, the LALM produces an answer:

g = LALM(Pr, a*, q¢%)

where ¢ is the model’s prediction. Critically, this
inference requires only the target audio ¢* and ques-
tion ¢*, without any demonstration audio, substan-
tially reducing computational costs compared to
few-shot prompting.

3 Experiment Setup

3.1 Tasks

We evaluate Audio-Induct on Big Bench Au-
dio (BBA) and Multi-Modal Audio Reasoning
(MMAR). BBA is an audio adaptation of Big
Bench Hard (BBH) (Suzgun et al., 2022), featuring
four reasoning tasks selected by ArtificialAnaly-
sis for AQA (Formal Fallacies, Navigate, Object
Counting, and Web of Lies). MMAR (Ma et al.,
2025b) is a comprehensive benchmark evaluating
models’ ability to integrate acoustic and linguistic
information for complex reasoning.

3.2 Models

We evaluate 9 LALMs from two families, including
Voxtral (Mini, Small) and Gemini (2.0 Flash Lite,
2.0 Flash, 2.5 Flash Lite, 2.5 Flash, 2.5 Pro). Vox-
tral models are fully open-weights LALMs with
weights available on Hugging Face. For Gemini
2.5 models, we evaluate both with and without
Thinking mode enabled. Detailed configurations
are provided in Appendix C.

3.3 Baselines

We compare against three prompting strategies:

Z-CoT Zero-shot Chain-of-Thought (Kojima
et al., 2022) elicits step-by-step reasoning by ap-
pending “Let’s think step by step.”

3-Shot Standard few-shot prompting (Brown
et al.,, 2020) with three audio-question-answer
demonstrations without explicit reasoning steps.

S-CoT Automatic Strategic Chain-of-
Thought (Wang et al., 2024) generates a
problem-solving strategy before reasoning.
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Model BBA MMAR
Z-CoT 3-Shot S-CoT Our é Z-CoT 3-Shot S-CoT Our 1

Voxtral Mini 58.13 5292 6135 56.15 -198 | 46.87 47.55 45.08 46.19 -0.68
Voxtral Small 8542 8323 8729 8740 +198 | 55.16 5635 53.64 56.01 +0.85
Gemini 2.0 Flash Lite 77.60 6729 82.60 76.15 -1.46 | 59.73 58.38 60.07 6091 +1.18
Gemini 2.0 Flash 83.85 5479 8552 9135 +750 | 63.62 66.67 63.62 6345 -0.17
Gemini 2.5 Flash Lite 90.31 8521 94.58 9531 +5.00 | 56.01 51.44 56.18 57.53 +1.52
Gemini 2.5 Flash Lite (Thinking) | 95.10 82.71 96.04 97.40 +2.29 | 56.18 50.25 57.87 56.18 0.00
Gemini 2.5 Flash 91.35 9458 9521 9833 +698 | 67.34 68.02 68.02 69.88 +2.54
Gemini 2.5 Flash (Thinking) 96.04 93.12 95.62 9833 +229 | 69.20 69.37 70.39 70.90 +1.69
Gemini 2.5 Pro (Thinking) 99.48 62.08 99.48 99.58 +0.10 | 80.37 79.36 79.86 80.88 +0.51

Table 1: Performance (%) of different models on BBA and MMAR under different prompting methods. § denotes
Our — Z-CoT. Bold indicates best performance, blue indicates improvement, red indicates decline.
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Figure 2: Head-to-head performance comparison within each model on four BBA subtasks. The accuracy delta
indicates the performance difference between Audio-Induct and three baselines (Z-CoT, 3-Shot, S-CoT).

3.4 Implementation Details

We use N = 3 examples for instruction induction
across all tasks. All experiments use official API
endpoints with temperature set to 0 and top-p set
to 1.0 for deterministic outputs. Additional N-shot
analysis is in Appendix E.1.

4 Results Analysis

4.1 Audio Instruction Induction Effectiveness

We evaluate Audio-Induct across 9 models on both
benchmarks, with comprehensive results presented
in Table 1. Audio-Induct outperforms all three
baselines, achieving win-tie-loss rates of 13-1-4
against Z-CoT, 15-0-3 against 3-Shot prompting,
and 14-0-4 against S-CoT.

The effectiveness varies with model scale and
capability. Larger models (e.g., Gemini 2.5 Flash,
Gemini 2.5 Pro) demonstrate stronger instruction
induction performance, while smaller models show
inconsistent results, likely due to limited instruc-
tion induction capabilities. These results align with
findings in text-only instruction induction (Hon-

ovich et al., 2023; Chen et al., 2024b), where larger
models exhibit stronger capabilities, suggesting
this pattern extends to audio reasoning tasks.

Notably, standard 3-Shot prompting performs be-
low expectations compared to Z-CoT across both
benchmarks, underperforming on 8 out of 9 mod-
els on BBA with mixed results on MMAR. We
speculate that in AQA, demonstrations with direct
answers, rather than explicit reasoning steps, may
interfere with the models’ step-by-step reasoning
capabilities, leading to performance degradation.

We  conducted
Tests (Wilcoxon,

Wilcoxon  Signed-Rank
1945) across 18 model-
benchmark combinations (9 models x 2
benchmarks). Audio-Induct shows statistically
significant improvements over Z-CoT (p = 0.006)
and 3-Shot (p < 0.001), with marginally sig-
nificant improvement over S-CoT (p = 0.054).
Detailed inference cost analysis is provided in
Appendix F.
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Voxtral Mini ~ -1.98 125 3.44 146 052 281 573 1.04 0.10
Voxtral Small ~ 1.98 198 7.92 3.02 0.62 667 219 -0.42

Gemini 2.0 Flash Lite ~ -1.46 448 146 312 073 042 354 073 031
Gemini 2.0 Flash ~ 4.37 135 7.50 4.38 167 635 156 021 -5
Gemini 2.5 Flash Lite ~ -1.04 -0.00 6.77 573 5.00 156 552 083 021 -0
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Figure 3: Cross-model instruction transfer on BBA. Each cell shows the accuracy delta when instructions induced
by one model (y-axis) are applied to another model (x-axis), compared to (a) Z-CoT and (b) 3-Shot prompting. Blue

indicates improvement, orange indicates decline.

4.2 Subtask-Level Analysis on BBA

Figure 2 shows performance differences across
BBA subtasks for three model pairs. Consis-
tent with our earlier observation, stronger models
demonstrate more effective instruction induction.
Within each model family, smaller variants in the
top row (Voxtral Mini, Gemini 2.0 Flash Lite, Gem-
ini 2.5 Flash Lite) show inconsistent results across
tasks with mixed gains and losses. In contrast,
their larger counterparts in the bottom row (Voxtral
Small, Gemini 2.0 Flash, Gemini 2.5 Flash) demon-
strate more consistent improvements across most
tasks, with Gemini 2.0 Flash showing particularly
strong gains across all four reasoning tasks. Com-
plete results for all models are in Appendix E.2.

4.3 Cross-Model Instruction Transfer

To evaluate whether induced task instructions trans-
fer effectively across different LALMs, we con-
duct cross-model experiments on BBA. We induce
task instructions with one model and apply them
to another model for inference. Figure 3 shows the
results compared to Z-CoT and 3-Shot baselines.
The results show that instruction transfer vastly
outperforms 3-Shot prompting across nearly all
model combinations, and also consistently im-
proves over Z-CoT. Critically, instruction quality
depends on source model capability. Instructions
from stronger models (e.g., Gemini 2.5 Pro, Gemini
2.5 Flash) consistently improve all inference mod-
els regardless of architecture, while instructions
from weaker models (e.g., Voxtral Mini, Gemini
2.0 Flash Lite) show inconsistent results, some-
times even degrading performance compared to Z-
CoT. This pattern aligns with Chen et al. (2024b)’s
findings in text-only settings. This enables cost-
efficient deployment by inducing instructions once

with capable models, then applying them across
cheaper models for large-scale inference. Detailed
cross-model transfer results across all model com-
binations, including comparisons with S-CoT, are
provided in Appendix Figure Sc.

4.4 Sensitivity to Example Selection

We investigate how sensitive the induced instruc-
tions are to the choice and order of examples. We
conducted experiments on BBA using two represen-
tative models (Gemini 2.5 Flash and Voxtral Small)
with four variants: (1) original order, (2) reversed
order, (3) random selection 1, and (4) random se-
lection 2, where random selections independently
sample 3 examples from the training set.

Variant Gemini 2.5 Flash | Voxtral Small

3-Shot Our 3-Shot Our
Original 94.58 98.33 8323  87.40
Random 1 | 90.73 98.02 83.75 86.46
Random 2 | 92.71 97.40 83.85 87.60
Reversed 91.35 97.19 83.85 87.29
Std. Dev. 1.48 0.46 0.26 0.43

Table 2: Sensitivity analysis on BBA (%). Audio-Induct
consistently outperforms 3-Shot across all variants with
lower variance.

As shown in Table 2, Audio-Induct consistently
outperforms 3-Shot across all tested variants, with
performance advantages of 3.75-7.29% on Gem-
ini 2.5 Flash and 2.71-4.17% on Voxtral Small.
Notably, Audio-Induct exhibits consistent vari-
ance (~0.4%) across both model families, while
3-Shot’s sensitivity varies significantly by archi-
tecture (1.48% for Gemini vs. 0.26% for Voxtral).
This suggests that Audio-Induct is not only more
effective but also more robust to the specific choice
of examples.
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Task Content

Listen to an audio clip presenting a series of state-
ments about individuals’ truthfulness or deceit, form-
ing a logical chain. The audio concludes with a ques-
tion about whether a specific individual tells the truth.
Deduce the truthfulness of the final subject and an-
swer “Yes” or “No”.

Input Format

A single audio file containing: (1) An initial statement
about a person’s truthfulness (e.g., “William lies”).
(2) Subsequent statements attributing truthfulness or
deceit to previous persons (e.g., “Inga says William
tells the truth”). (3) A final question (e.g., “Does
Crista tell the truth?”).

Operational Steps

1. Transcribe Audio: Obtain a textual transcript of all
spoken content.

2. Identify Initial Premise: Extract the first statement
establishing truthfulness. Assign True/False.

3. Parse Chained Statements: For each statement,
identify the speaker and their assertion about the pre-
vious person.

4. Deduce Truth Values: If B says “A tells the truth,”
B’s value equals A’s. If B says “A lies,” B’s value is
opposite.

5. Identify Final Question: Locate “Does [Person]
tell the truth?”

6. Formulate Answer: Output “Yes” if True, “No” if
False.

Table 3: Induced task instruction for BBA Web of Lies,
generated by Gemini 2.5 Flash. The complete output in-
cluding multi-modal analysis and an additional example
for MMAR music analysis are provided in Appendix G.

4.5 Case Study: Induced Instruction

To illustrate how Audio-Induct generates task-
specific instructions, Table 3 presents an induced
instruction for the BBA Web of Lies task, generated
by Gemini 2.5 Flash from three audio examples.

The key insight is that Audio-Induct makes im-
plicit reasoning mechanisms explicit. While Z-
CoT merely prompts “think step by step” without
specifying how to reason, and 3-Shot provides ex-
amples, leaving the model to infer patterns, the in-
duced instruction explicitly captures task-specific
reasoning procedures. For instance, Step 4 clearly
articulates the truth value propagation rule—if B
says “A lies,” then B’s value is opposite to A’s—
providing unambiguous guidance that baseline ap-
proaches lack. Notably, this structured procedure
is automatically induced from just three examples
through multi-modal analysis, not manually crafted.
This illustrates how explicit procedural guidance
may benefit reasoning-intensive tasks.

5 Related Work

5.1 Instruction Induction

Instruction induction enables LL.Ms to generate
task-level instructions from few examples (Hon-
ovich et al., 2023). Related work includes au-
tomatic prompt optimization (Zhou et al., 2022;
Chen et al., 2024a; Sun et al., 2023) requiring
multiple iterations, self-composed reasoning struc-
tures (Zhou et al., 2024), and self-reasoning frame-
works (Aswani et al., 2024). Chen et al. (2024b)
proposed Induct-Learn with single-inference gener-
ation. However, existing approaches remain limited
to text-only tasks.

5.2 Audio Reasoning Methods

Chain-of-Thought prompting has proven effective
for reasoning (Kojima et al., 2022; Wei et al.,
2022). Recent work explored audio CoT (Ma
et al., 2025a), but few-shot prompting with audio
demonstrations incurs substantially higher infer-
ence costs. Existing methods primarily rely on
training: Audio-Reasoner (Xie et al., 2025) and
Audio Flamingo (Kong et al., 2024) require fine-
tuning on large-scale datasets, while TwS (Xiong
et al., 2025) and AudioGenie-Reasoner employ ad-
ditional components.

We apply instruction induction to audio reason-
ing, inducing reusable task instructions from few
examples without model fine-tuning, and requiring
no audio demonstrations at inference.

6 Conclusion

We presented Audio-Induct, the first instruction
induction framework for audio reasoning. By in-
ducing reusable textual instructions from few audio
examples once per task, our approach requires no
audio demonstrations at inference, maintaining low
inference costs while outperforming state-of-the-
art prompting methods. Instructions from stronger
models effectively transfer to smaller models, en-
abling cost-efficient deployment at scale.

Limitations

Our study has several limitations that present oppor-
tunities for future work. First, our evaluation cov-
ers both commercial API-based models (Gemini
series) and open-weights models (Voxtral). While
this balances state-of-the-art performance with re-
producibility, the commercial models have undis-
closed architectures that may limit detailed analysis
of model-specific behaviors.
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Second, our approach relies on models with
strong instruction-following capabilities to gen-
erate responses in structured formats and induce
effective task instructions. Modern LALMs are
trained to handle complex instructions and pro-
duce structured outputs. However, pure audio-only
models without language model components may
lack the necessary capabilities to follow structured
format requirements, potentially limiting the appli-
cability of our framework to such architectures.

Third, our framework operates at the task level
with predefined task categories as in BBA and
MMAR. In scenarios where task boundaries are
unclear or categories are not predefined, additional
mechanisms such as query clustering or domain
taxonomy adaptation would be needed.
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A Use of AI Assistants

We used Claude for grammar refinement and oc-
casional assistance in code development. All lan-
guage model outputs served solely as references;
the final writing and code were thoroughly re-
viewed and authored by the authors.

B Experimental Cost

The total experimental cost across all models,
benchmarks, and methods was approximately $500
USD. This includes all instruction induction ex-
periments, baseline evaluations, and cross-model
transfer analysis.

C Model Implementation Details

This section provides detailed version identifiers
and configurations for all models evaluated in Sec-
tion 3.2. We evaluate models from two fami-
lies: Voxtral (Liu et al., 2025) and Gemini (2.0
series (Google, 2025) and 2.5 series (Comanici
et al., 2025)). The exact API identifiers and config-
urations are listed below.

Voxtral Mini <voxtral-mini-2507> 3B

Voxtral Small <voxtral-small-2507>24B

Gemini 2.0 Flash Lite <gemini-2.0-flash-
lite-001>

Gemini 2.0 Flash <gemini-2.0-flash-001>

Gemini 2.5 Flash Lite <gemini-2.5-flash-
lite>, thinking_budget=0

Gemini 2.5 Flash Lite (Thinking) <gemini-
2.5-flash-1lite>, thinking_budget=8192 (de-
fault)

Gemini 2.5 Flash <gemini-2.5-flash>,
thinking_budget=0

Gemini 2.5 Flash (Thinking) <gemini-2.5-
flash>, thinking_budget=8192 (default)

Gemini 2.5 Pro (Thinking) <gemini-2.5-
pro>, thinking_budget=8192 (default)

For Gemini 2.5 models, the thinking_budget
parameter controls extended reasoning mode: set-
ting it to O disables thinking, while 8192 enables
the default thinking capacity. All experiments use
official API endpoints with temperature O for deter-
ministic outputs.

D Data Preprocessing and Evaluation
Metrics

D.1 Audio Format Conversion for MMAR

The original MMAR dataset uses WAV format au-
dio files, which are too large for few-shot prompt-
ing scenarios. Many commercial LALM API end-
points impose file size limits (e.g., 25MB for Gem-
ini), making it infeasible to include multiple audio
demonstrations in a single request. To address
this limitation, we converted all MMAR audio
files from WAV to MP3 format using VLC media
player!, an open-source software.

The conversion parameters were configured as
follows:

e Bitrate: 64 kb/s

* Channels: 1 (mono, as required by models
such as Gemini)

* Sample rate: 22050 Hz

These settings substantially reduce file sizes
while preserving audio quality sufficient for rea-
soning tasks. The BBA dataset did not require
conversion as its audio files were already within
acceptable size limits.

D.2 Evaluation Metric

We use micro-averaged accuracy as our evaluation
metric across all experiments. Micro-averaging
calculates accuracy by counting total correct pre-
dictions across all instances, treating each instance
equally regardless of task category. This provides
a single aggregate performance measure suitable
for comparing methods across multiple reasoning
tasks within each benchmark.

E Additional Analysis

E.1 Impact of the Number of AQA Examples

We investigate how the number of examples N
used for instruction induction affects performance.
Table 8 presents results for N € {1, 3,5} across 9
models on both benchmarks.

The results reveal a pattern distinct from text-
based instruction induction. While Chen et al.
(2024b) observed consistent improvements with
more examples in text domains, our results show
that V = 3 provides optimal performance. Several

"https://www.videolan.org/vlc/
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models degrade when using N = 5, suggesting di-
minishing or negative returns with too many audio
examples.

We speculate this stems from the nature of audio
processing. Unlike text examples which provide
purely linguistic information, audio examples re-
quire LALMs to integrate acoustic and linguistic
information simultaneously across multiple sequen-
tial inputs. Providing too many examples may in-
troduce interference patterns that hinder rather than
help instruction induction. Understanding how to
effectively aggregate information across multiple
audio examples represents an important direction
for future research.

Based on these findings, we use N = 3 for all
main experiments.

E.2 Complete Task Breakdown Results

Figure 4 presents the complete performance break-
down across all 9 models on BBA subtasks. Com-
pared to Figure 2 in the main paper, this includes
three additional models with Thinking mode en-
abled: Gemini 2.5 Flash Lite (Thinking), Gemini
2.5 Flash (Thinking), and Gemini 2.5 Pro (Think-
ing). Notably, these Thinking-enabled models
show consistent improvements or maintain perfor-
mance across all BBA subtasks when using Audio-
Induct, with no degradation observed on any task.

E.3 Comparison Against Strategic
Chain-of-Thought

Figure 5 extends the cross-model transfer analysis
by including Strategic Chain-of-Thought (S-CoT)
as an additional baseline. As shown in Figure 5c(c),
instructions induced by stronger models, particu-
larly Gemini 2.5 Flash and Gemini 2.5 Pro (Think-
ing), consistently outperform S-CoT across nearly
all inference models, achieving improvements in 17
out of 18 cross-model combinations. This demon-
strates that high-quality induced instructions can
surpass the state-of-the-art S-CoT baseline while
eliminating the need for strategy generation at each
inference.

F Inference Cost Analysis

We provide comprehensive inference cost analysis
to substantiate the claimed cost savings. All costs
shown are for Stage 2 (task instruction application).
Stage 1 (instruction induction) is performed once
per task, and its cost is negligible when amortized
across queries.

F.1 API Pricing

Table 4 shows the pricing structure for all evaluated
models. Voxtral charges audio by seconds while
Gemini charges by tokens (1 second ~ 32 tokens).

Model Input Audio Output Method

Voxtral Mini $0.04 $0.000017 $0.04 /sec

Voxtral Small $0.10 $0.000067 $0.30 /sec
Gemini 2.0 Flash Lite $0.07  $0.075 $0.30 /1M
Gemini 2.0 Flash $0.10  $0.700 $0.40 /IM
Gemini 2.5 Flash Lite $0.10  $0.300 $0.40 /1M
Gemini 2.5 Flash $0.30  $1.000 $2.50 /IM
Gemini 2.5 Pro $1.25  $1.250 $10.00 /1M

Table 4: API pricing for evaluated models. Voxtral
charges audio by seconds; Gemini charges by tokens (1
second ~ 32 tokens). Text prices are per 1M tokens.

F.2 Input Cost Comparison

Table 5 shows the API input cost (text + audio) per
100 samples at inference. Audio-Induct achieves
53-78% input cost reduction compared to 3-Shot
by eliminating demonstration audio at inference.
Our input costs remain comparable to Z-CoT and
S-CoT.

F.3 Total Cost Comparison

Table 6 shows the total API cost (input + output)
per 100 samples. Eight out of nine models achieve
19-78% total cost reduction compared to 3-Shot.
Gemini 2.5 Pro shows comparable cost to S-CoT
but achieves superior accuracy (+0.10% on BBA,
+1.02% on MMAR).

F.4 Token Usage Analysis

Table 7 provides detailed token usage per sample
at inference. The format shows Input Text tokens,
Input Audio tokens, and Output Text tokens sepa-
rated by vertical bars. 3-Shot prompting uses ap-
proximately 3.9 x more input audio tokens (demon-
strations + query) compared to Our method (query
only). Text input cost is generally negligible com-
pared to audio cost, except for Gemini 2.5 Pro
where text input pricing approaches audio input
pricing.

G Prompt Templates and Examples

This section provides all prompt templates used
in our experiments. The prompts are organized
into four color-coded categories, with detailed tem-
plates shown in tables below.
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Model BBA MMAR
Z-CoT 3-Shot S-CoT Our d Z-CoT 3-Shot S-CoT Our 1

Voxtral Mini 0.033 0.125 0.033 0.034[-73.0% | 0.032 0.149 0.032 0.033[-77.6%
Voxtral Small 0.130 0.500 0.130 0.133|-73.5% | 0.126 0.595 0.127 0.129|-78.4%
Gemini 2.0 Flash Lite 0.005 0.016 0.006 0.007 [-59.0% | 0.006 0.020 0.006 0.008 |-61.9%
Gemini 2.0 Flash 0.036 0.134 0.036 0.039|-71.1% | 0.036 0.160 0.036 0.039|-75.9%
Gemini 2.5 Flash Lite 0.021 0.077 0.022 0.025(-67.2% | 0.022 0.094 0.022 0.025|-73.0%
Gemini 2.5 Flash Lite (T) | 0.021 0.077 0.022 0.025|-66.9% | 0.022 0.094 0.022 0.026|-72.8%
Gemini 2.5 Flash 0.070 0.255 0.072 0.086 [-66.5% | 0.072 0.310 0.073 0.088|-71.6%
Gemini 2.5 Flash (T) 0.070 0.255 0.072 0.087|-65.9% | 0.072 0.310 0.073 0.090|-71.0%
Gemini 2.5 Pro (T) 0.109 0.345 0.115 0.160|-53.7% | 0.117 0.432 0.122 0.170|-60.7 %

Table 5: API input cost per 100 samples at inference (USD). § shows percentage savings of Our method compared

to 3-Shot. (T) denotes Thinking mode enabled.

Model BBA MMAR
Z-CoT 3-Shot S-CoT Our 1 Z-CoT 3-Shot S-CoT Our 1

Voxtral Mini 0.034 0.126 0.034 0.035[-72.4% | 0.033 0.149 0.033 0.034|-77.2%
Voxtral Small 0.134 0.504 0.136 0.139(-72.4% | 0.130 0.597 0.132 0.134|-77.6%
Gemini 2.0 Flash Lite 0.009 0.018 0.012 0.013|-27.1% | 0.008 0.022 0.012 0.013|-42.3%
Gemini 2.0 Flash 0.042 0.136 0.045 0.048|-65.0% | 0.039 0.162 0.041 0.043|-73.4%
Gemini 2.5 Flash Lite 0.046 0.099 0.069 0.053(-46.0% | 0.043 0.116 0.061 0.053|-54.1%
Gemini 2.5 Flash Lite (T) | 0.097 0.145 0.107 0.117|-19.3% | 0.108 0.222 0.126 0.119 | -46.6%
Gemini 2.5 Flash 0.242 0.367 0.273 0.205(-44.2% | 0.177 0.421 0.218 0.246|-41.4%
Gemini 2.5 Flash (T) 0.390 0.688 0.441 0.428(-37.8% | 0.317 0.575 0.394 0.431|-25.1%
Gemini 2.5 Pro (T) 1.573 1.772 1812 1.761| -0.6% | 1.324 1.453 1.634 1.635|+12.5%

Table 6: API total cost (input + output) per 100 samples at inference (USD). ¢ shows percentage savings compared
to 3-Shot. 8 out of 9 models achieve 19-78% total cost reduction.

G.1 Prompt Organization

Fixed Values (Orange) BBA: Task information
(Table 9) is shared across all four subtasks. Answer
formats (Table 10) are task-specific for Formal Fal-
lacies, Navigate, Object Counting, and Web of Lies.
MMAR: Task information (Table 11) and answer
format (Table 12) are both shared across all tasks,
as MMAR uses uniform multiple-choice format.

Stage 1: Instruction Induction (Blue) Meta-
prompt (Table 13) directs LALMs through struc-
tured analysis to induce task instructions. User
prompt (Table 14) provides N = 3 examples with
task information and answer format from the or-
ange boxes.

Stage 2: Task Instruction Application (Green)
System prompt (Table 15) contains the induced
instruction from Stage 1 and answer format from
orange boxes. User prompt (Table 16) contains
only the new question.

Baseline: Z-CoT (Gray) System prompt (Ta-
ble 17) uses task description and answer format
from orange boxes. User prompt (Table 18) uses
“Let’s think step by step.”

Baseline: Strategic CoT (Gray) System prompt
(Table 19) adds strategy generation before reason-

ing, using values from orange boxes. User prompt
(Table 20) follows same format as Z-CoT.

Baseline: 3-Shot Prompting (Gray) System
prompt (Table 21) uses values from orange boxes.
User prompt (Table 22) includes three audio-
question-answer examples before the new question.

G.2 Placeholder Conventions

Prompts use placeholders in curly braces:
{task_information} and answer format {} are
filled from orange boxes, and {newQ} is the ques-
tion for inference. Complete templates are pro-
vided in the tables below.

G.3 Example: Induced Instruction for
MMAR Music Theory Task

Table 23 shows the complete output from Gem-
ini 2.5 Flash when using the instruction induc-
tion meta-prompt (Table 13) with N = 3 exam-
ples from MMAR music_theory subtask. This
task requires identifying specific musical elements
(e.g., chord names, techniques, dynamics) from
audio clips and selecting the correct answer from
multiple-choice options. The output demonstrates
how the model analyzes multi-modal patterns
across audio and text to generate structured op-
erational steps for music analysis tasks.
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BBA MMAR

Model Z-CoT 3-Shot S-CoT Our Z-CoT 3-Shot S-CoT Our

Voxtral Mini 22314531168 26111766162 26314530189 S034530197 | 2883770116 45411502012 32813771153 6303771162
Voxtral Small 22314531151 2611176611137 26314531204 51614531207 | 2881377120 4541150284 32813771168 542137711164
Gemini 2.0 Flash Lite | 24314790123 29211873160 285147911197 40914791216 | 3141463t80 50912214166 356146311189 5751463171
Gemini 2.0 Flash 243147911148 292118731153 28514791216 522147911223 | 31414631180 50912214159  3561463t1118 626146311113

Gemini 2.5 Flash Lite 245162911624 29412465t1545  2871629t11189 631162911703 | 3161620tI535  51212947t1554  3581620t1957  6671620t1696
Gemini 2.5 Flash Lite (T) | 2451629t11900 29412465t11705 2871629t12133 6581629t12291 | 3161620t12161 5121294713220 3581620tI12587 687162012331

Gemini 2.5 Flash 245162911685  29412465t1445 28716291805 755162911476 | 3161620t1422 5121294711442 3581620t1579 87116201632
Gemini 2.5 Flash (T) 2451629111276 29412465t11730 287162911479 8091629t11362 | 3161620t1980 51212947t11059 3581620t11286 9321620t11363
Gemini 2.5 Pro (T) 245162911463 29412465t11426 287162911697 650162911600 | 3161620t11207 51212947t11020 3581620t11512 7401620t11464

Table 7: Token usage per sample at inference. Format: Input Text | Input Audio (tokens) | Output Text. Audio
duration: BBA query ~19s, 3-Shot demos ~75s; MMAR query ~19s, 3-Shot demos ~89s.

G.4 Example: Induced Instruction for BBA
Web of Lies Task

Table 24 shows another instruction induction exam-
ple from BBA web_of_lies subtask, generated by
Gemini 2.5 Flash. This task involves logical deduc-
tion: determining whether the last person in a chain
of truthfulness statements tells the truth or lies.
The induced instruction differs significantly from
the MMAR example, demonstrating how Audio-
Induct adapts to tasks requiring sequential logical
reasoning rather than perceptual analysis. Both
examples use the same meta-prompt but produce
task-appropriate instructions.
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Model N=I N=3 N=5| N=l N=3 N=5
Voxtral Mini 53.96 56.15 56.98 | 43.32 46.19 43.99
Voxtral Small 84.58 87.40 84.48 | 54.82 56.01 55.67
Gemini 2.0 Flash Lite 79.79 76.15 78.85 | 61.25 60.91 58.71
Gemini 2.0 Flash 79.27 91.35 83.23 | 63.79 63.45 62.61
Gemini 2.5 Flash Lite 9438 9531 95.10 | 52.96 57.53 56.35
Gemini 2.5 Flash Lite (Thinking) | 97.19 97.40 96.98 | 58.04 56.18 56.01
Gemini 2.5 Flash 97.50 98.33 98.65 | 66.16 69.88 67.34
Gemini 2.5 Flash (Thinking) 98.44 98.33 98.33 | 69.04 7090 67.85
Gemini 2.5 Pro (Thinking) 99.58 99.58 99.58 | 80.88 80.88 79.86
Win N = 1 Rate - 6/9 4/9 - 5/9 4/9

Table 8: Performance (%) of different models on BBA and MMAR, as a function of the number of rationales V.
For each N > 1, the last row reports the number of models that outperform N = 1.
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Figure 4: Complete head-to-head performance comparison across all 9 models on BBA subtasks. The accuracy

delta indicates the performance difference between Audio-Induct and three baselines (Z-CoT, 3-Shot, S-CoT) for
each model on the four BBA subtasks: Formal Fallacies, Navigate, Object Counting, and Web of Lies.
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Figure 5: Complete cross-model instruction transfer results on BBA. Each cell shows the accuracy delta when
instructions induced by one model (y-axis) are applied to another model (x-axis), compared to (a) Z-CoT, (b) 3-Shot,
and (c) S-CoT prompting. Blue indicates improvement, orange indicates decline.
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BBA Task Information (Shared across all subtasks)

You will be provided with an audio clip that contains both the question
and the answer choices. Listen carefully and answer.

Table 9: Task information used for all BBA subtasks. This text fills the {task_information} placeholder in all
prompts.

BBA Answer Formats (Task-specific)

Formal Fallacies:

The output should be a single word: “valid™ or “invalid".
Navigate:

The output is a single word answer, either “Yes™ or “No~.
Object Counting:

The output is a single integer.

Web of Lies:

The output is a single word answer, either “Yes™ or “No™.

Table 10: Answer format specifications for each BBA subtask. These fill the answer format placeholder {} in
system and user prompts.

MMAR Task Information (Shared across all tasks)

You will be provided with an audio clip and a corresponding question
with multiple-choice options. Your task is to listen carefully to the
audio and analyze its content to select the most appropriate answer
from the given choices.

Table 11: Task information used for all MMAR tasks. This text fills the {task_information?} placeholder.

MMAR Answer Format (Shared across all tasks)

The output is a single letter corresponding to the correct option
from the list (e.g., A, B, C, etc.).

Table 12: Answer format specification for all MMAR tasks (all are multiple choice). This fills the answer format
placeholder {3.

257



Meta-Prompt for Audio Instruction Induction

You are an expert in both Natural Language Processing (NLP) and Audio Processing, with exceptional skills in analyzing
multi-modal datasets and formulating precise task instructions. Your expertise includes extracting significant patterns
and rules from complex datasets that combine textual and audio information.

Your current task is to analyze a set of examples that include both text and audio, derive insights, and formulate a clear
and detailed task instruction. This instruction will guide the execution of related multi-modal tasks, such as Audio
Question Answering (AQA) or other audio-language tasks.

Follow these steps:

1. Analyze the Input:
Begin by carefully examining both the textual and audio components of the input. Wrap your analysis inside
<multi_modal_analysis> tags in your thinking block. Include the following:

a. Separate analysis of textual and audio components

b. Synthesis of findings from both modalities

c. Identification of common patterns across examples

d. List of potential challenges in executing the task

<multi_modal_analysis>
[Your multi modal analysis here, with each element under its own subheading]
</multi_modal_analysis>

2. Formulate the Task Instruction:
Based on your analysis, create a detailed task instruction that includes the following elements:

a. Task Content: Clearly define the purpose of the task and the specific activities required to be completed, considering
both textual and audio aspects.

b. Input Format: Provide detailed descriptions of the types of data accepted (text and audio), their formats, and how
to process these multi-modal data effectively.

c. Operational Steps: Detail the specific step-by-step procedures required to complete the task, including how to
integrate information from both textual and audio inputs.

3. Format the Final Output:
Present your task instruction in the following format:

<task_instruction>
[Your task instruction here, with each element under its own subheading]
</task_instruction>

Ensure that your task instruction is concise, clear, and easily understandable by users. It should provide all necessary
information for someone to successfully complete a multi-modal task involving both text and audio inputs.
Remember to focus solely on creating the task instruction based on the given information and examples. Do not attempt
to complete the task itself.

Your final output should include only the “multi modal analysis” within the <multi_modal_analysis> tag and the
“task instruction” within the <task_instruction> tag, without repeating or rephrasing any analysis from the thinking
block.

Table 13: Meta-prompt(system prompt) for instruction induction. This prompt directs LALMs to analyze few AQA
examples with ground-truth answers, identify multi-modal reasoning patterns, and induce reusable task instructions
through structured analysis and formulation steps.
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User Prompt Template for Providing Examples

Here is the task_information, answer_format and the examples you need to create a
Task Instructions for:

<task_information>

{3

</task_information>

<answer_format>

{3

</answer_format>

<examples>

{3

</examples>

Table 14: User prompt template for instruction induction. The placeholders {} are filled with task-specific
information, answer format specifications, and N AQA example pairs with ground-truth answers. This prompt is
combined with the meta-prompt (Table 13) to guide the instruction induction process.

System Prompt for Task Instruction Application

{3

**Answer Formatxx*:

{3

Follow these steps carefully:

1. Based on the ~Operational Steps™, provide a step-by-step
deduction that answers the question, incorporating insights
from both the audio and the text:
<deduction>
[Your step-by-step deduction here]
</deduction>

2. Based on your deduction, provide the final answer according
to the rules specified in the "Answer Format” section.
If uncertain and "Answer Format” is a list of options,
select the option that best matches your reasoning.
Present your final answer in the following format:
<final_answer>
[Your final answer here]
</final_answer>

**xImportant Notes:*x*
- Do not use programming or code to solve this question.
- Ensure your final answer strictly follows the specified format

Table 15: System prompt for applying induced instructions. The first placeholder {} is filled with the induced task
instruction from Stage 1, and the second placeholder contains the answer format specification. This prompt guides
LALMs to follow the operational steps and provide structured reasoning.

User Prompt for Task Instruction Application

[Question]

{3

[Answer]

Let's follow the "Operational Steps”, think step by step,
then ensure your final answer strictly follows the specified
format.

Table 16: User prompt for applying induced instructions. The placeholder {3 is filled with the question text. This
prompt is combined with the system prompt (Table 15) and the audio input to solve new AQA instances.
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Z-CoT System Prompt

[Task Instruction]
{task_information}
**Answer Formatxx*:

{3

Follow these steps carefully:

1. Provide a step-by-step deduction that answers the question,
incorporating insights from both the audio and the text:
<deduction>
[Your step-by-step deduction here]
</deduction>

2. Based on your deduction, provide the final answer according
to the rules specified in the "Answer Format” section.
If uncertain and "Answer Format” is a list of options,
select the option that best matches your reasoning.
Present your final answer in the following format:
<final_answer>
[Your final answer here]
</final_answer>

**xImportant Notes:*x*
- Do not use programming or code to solve this question.
- Ensure your final answer strictly follows the specified format

Table 17: System prompt for Z-CoT baseline. Placeholder { task_information} is filled with task description, and
the second placeholder {} contains answer format specification (e.g., multiple choice options or numerical format).

[Question]

{newQ}

[Answer]

Let's think step by step, then ensure your final answer
strictly follows the specified format.

Table 18: User prompt for Z-CoT baseline. Placeholder {newQ} is filled with the question text for the new instance
to be solved.
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S-CoT System Prompt

[Task Instruction]
{task_information}
**Answer Formatxx*:

{3

Follow these steps carefully:

1. Carefully analyze the audio and the question to generate
the strategic knowledge that would best guide the
problem-solving process.
<strategy>
[Your strategy here]
</strategy>

2. Provide a step-by-step deduction that answers the question,
incorporating insights from both the audio and the text:
<deduction>
[Your step-by-step deduction here]
</deduction>

3. Based on your deduction, provide the final answer according
to the rules specified in the "Answer Format” section.
If uncertain and "Answer Format” is a list of options,
select the option that best matches your reasoning.
Present your final answer in the following format:
<final_answer>
[Your final answer here]
</final_answer>

**Important Notes:*x*
- Do not use programming or code to solve this question.
- Ensure your final answer strictly follows the specified format

Table 19: System prompt for Strategic CoT baseline. Placeholder {task_information} is filled with task descrip-
tion, and the second placeholder {} contains answer format specification. S-CoT adds an explicit strategy generation
step before reasoning.

S-CoT User Prompt

[Question]

{newQ}

[Answer]

Let's think step by step, then ensure your final answer
strictly follows the specified format.

Table 20: User prompt for Strategic CoT baseline. Placeholder {newQ} is filled with the question text for the new
instance.
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3-Shot System Prompt

[Task Instruction]
{task_information}
**Answer Formatxx*:

{3

Follow these steps carefully:

1. Provide a step-by-step deduction that answers the question,
incorporating insights from both the audio and the text:
<deduction>
[Your step-by-step deduction here]
</deduction>

2. Based on your deduction, provide the final answer according
to the rules specified in the "Answer Format” section.
If uncertain and "Answer Format” is a list of options,
select the option that best matches your reasoning.
Present your final answer in the following format:
<final_answer>
[Your final answer here]
</final_answer>

**Important Notes:*x*
- Do not use programming or code to solve this question.
- Ensure your final answer strictly follows the specified format

Table 21: System prompt for 3-Shot prompting baseline. Placeholder {task_information} is filled with task
description, and the second placeholder {} contains answer format specification.

3-Shot User Prompt

[Question]
{Q1 example}
[Answer]

{A1 example}

[Question]
{Q2 example}
[Answer]

{A2 example}

[Question]
{Q3 example}
[Answer]

{A3 example}

[Question]

{newQ}

[Answer]

Table 22: User prompt for 3-Shot prompting baseline. Placeholders {Q1 example}, {Q2 examplel}, {Q3 example}
are filled with three example questions (each accompanied by audio), {A1 example}, {A2 example}, {A3 example}
are filled with their corresponding ground-truth answers, and {newQ} is the new question to be solved.
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Complete Instruction Induction Output

<multi_modal_analysis>

a. Separate analysis of textual and audio components

Textual Analysis: The questions consistently ask for specific information derived from the audio, focusing
on musical theory (e.g., chord names, II-V-I progression), musical techniques (e.g., glissando, overtone,
vibrato), or musical parameters (e.g., number of pitches, dynamics, speed changes). Each question is
accompanied by multiple-choice options with distinct musical terminology or numerical values. The
answer format is a single letter.

Audio Analysis: The audio clips are short musical excerpts with varying complexity. Features include clear
chord progressions (likely jazz or classical influenced), sustained vocal/instrumental sounds demonstrating
specific techniques (e.g., overtone singing), and melodic lines with dynamics and tempo changes. To
answer questions, one must identify specific chords and qualities, musical techniques, and count specific
musical elements.

b. Synthesis of findings from both modalities

The task requires deep understanding of both musical theory/terminology (from text) and the ability to
accurately perceive and interpret these elements within the audio. The textual questions guide the listener
on what specific features to focus on in the audio. The options provided serve as potential interpretations of
the audio, requiring careful discrimination. This is essentially an Audio Question Answering (AQA) task
focused on musical content.

c. Identification of common patterns across examples

All examples demonstrate strong multi-modal dependency between audio and text. All are firmly within
the musical domain, requiring knowledge of music theory, terminology, and aural skills. Each question
targets specific musical features (e.g., chords, techniques, dynamics, pitch count) using consistent multiple-
choice format. Answering correctly requires precise identification of musical elements, not just general
understanding.

d. List of potential challenges in executing the task

Users without formal musical training or highly developed aural skills might struggle to identify specific
chords, complex techniques, or subtle changes. Some musical elements could have slight perceptual
variations. Musical terms might be interpreted differently depending on context. The multiple-choice
options can be very similar, requiring fine-grained discrimination. For chord progression questions,
understanding key and functional harmony is crucial.

</multi_modal_analysis>

<task_instruction>

Task Content

The task requires you to act as a music analyst. You will be presented with an audio clip containing
musical content and a corresponding question with multiple-choice options. Your primary objective is to
meticulously listen to and analyze the provided audio, identifying specific musical elements, techniques,
or characteristics as prompted by the question. Based on your auditory analysis, you must then select the
single most accurate answer from the given options.

Input Format

1. Audio Clip: A short audio file containing a musical excerpt.

2. Question: A textual question specifying what musical aspect to focus on (e.g., chord names, musical
techniques, dynamics, tempo, pitch count).

3. Options: A list of multiple-choice answers (typically A, B, C, D).

Operational Steps

1. Listen to the Audio: Play the provided audio clip carefully. Pay close attention to all musical parameters,
including melody, harmony, rhythm, timbre, dynamics, and tempo.

2. Read the Question: 1dentify the specific musical information or characteristic it is asking for.

3. Analyze Audio in Relation to Question: Re-listen to the audio with the question in mind. Actively seek
out the specific musical elements that the question targets.

4. Evaluate the Options: Compare your auditory analysis with each option. Eliminate options that
contradict what you hear.

5. Select the Best Answer: Choose the option that most accurately describes the musical content.

6. Format the Output: Provide your answer as a single uppercase letter (e.g., A, B, C, or D).

</task_instruction>

Table 23: Complete instruction induction output for MMAR music_theory subtask, generated by Gemini 2.5 Flash
in a single inference. The output contains both the multi-modal analysis and the induced task instruction. This
demonstrates the two-step reasoning process guided by the meta-prompt (Table 13).
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Complete Instruction Induction Output

<multi_modal_analysis>

a. Separate analysis of textual and audio components

Textual Analysis: The task information states that the audio clip contains both the question and answer choices, implying a narrative
structure. The answer format specifies a binary "Yes" or "No" response. The examples show a consistent pattern: a series of statements
about individuals telling the truth or lying, followed by a final question about one specific individual’s truthfulness. The core task is to
deduce truthfulness based on a chain of logical dependencies, where each statement links the truthfulness of one person to another’s
statement.

Audio Analysis: The audio consistently presents a sequence of spoken statements, each attributing truthfulness or deceit to another person.
The structure follows: "Question. [Person A] [action]. [Person B] says [Person A] [action]..." concluding with "Does [Final Person] tell
the truth?" There is a clear spoken prompt "Answer the question” followed by a distinct audio cue (short, high-pitched tone) indicating
the transition point.

b. Synthesis of findings from both modalities

This is an AQA task where the entire context (premises and final question) is embedded within a single audio stream. The textual
information provides the logical framework and expected output format, while the audio delivers specific instances. The audio content
needs to be transcribed and logically processed to determine the final answer. The task requires understanding spoken language, extracting
named entities (people), interpreting statements about truthfulness or deceit, and chaining these statements logically. The final question
always asks about the truthfulness of the last person mentioned in the chain.

c. Identification of common patterns across examples

All examples involve a chain of deduction where each statement refers to the truthfulness of the previously mentioned person. Binary
truth values apply (each person either "tells the truth" or "lies"). The final question structure is always "Does [Last Person in Chain] tell
the truth?" with "Yes" or "No" output. Audio cues are consistent: "Question." at the start, "Answer the question." before the final answer,
and a distinct audio tone marking the end of the question segment.

d. List of potential challenges in executing the task

Challenges include accurate speech-to-text (misinterpreting names or keywords like "lies" vs. "tells the truth"), logical deduction (correctly
chaining truth values), named entity recognition (tracking each person), context window/memory (keeping track of truthfulness status as
the chain unfolds), handling negation (correctly interpreting "X says Y lies" versus "X says Y tells the truth"), and real-time processing if
applicable.

</multi_modal_analysis>

<task_instruction>

Task Content

The task requires you to listen to an audio clip that presents a series of statements about individuals’ truthfulness or deceit, forming a
logical chain. The audio will conclude with a question about whether a specific individual tells the truth. Your goal is to deduce the
truthfulness of the final subject based on the provided statements and answer "Yes" or "No".

Input Format

The input will be a single audio file containing spoken language that sequentially presents: (1) An initial statement about a person’s
truthfulness (e.g., "William lies"). (2) A series of subsequent statements, each attributing truthfulness or deceit to the previously mentioned
person (e.g., "Inga says William tells the truth"). (3) A final question asking about the truthfulness of the last person mentioned in the
chain (e.g., "Does Crista tell the truth?"). (4) A concluding phrase "Answer the question” followed by a distinct audio cue indicating the
end of the question segment.

Operational Steps

1. Transcribe Audio: Process the entire audio input to obtain a textual transcript of all spoken content.

2. Identify Initial Premise: Extract the first statement that establishes the truthfulness (or deceit) of the initial person. Assign a truth value
(True/False) to this person.

3. Parse Chained Statements: For each subsequent statement, identify the speaker, the person being referred to, and the assertion made
about their truthfulness.

4. Deduce Truth Values: Tteratively deduce the truthfulness of each new speaker based on their statement and the known truthfulness of
the person they are referring to. If Person B says "Person A tells the truth," Person B’s truth value is the same as Person A’s. If Person B
says "Person A lies," Person B’s truth value is the opposite of Person A’s.

5. Identify Final Question: Locate the final question in the transcript, which will be of the form "Does [Last Person] tell the truth?"

6. Retrieve Final Truth Value: Look up the deduced truth value for the "Last Person" identified in the final question.

7. Formulate Answer: If the "Last Person" tells the truth (deduced value is True), output "Yes". If the "Last Person" lies (deduced value is
False), output "No".

</task_instruction>

Table 24: Complete instruction induction output for BBA web_of_lies subtask, demonstrating how Audio-Induct
handles logical reasoning tasks with different characteristics from MMAR.
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