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Abstract

Current speech evaluation suffers from two crit-
ical limitations: the need and difficulty of de-
signing specialized systems targeting individ-
ual audio characteristics, and poor correlation
between automatic evaluation methods and hu-
man preferences. This work presents a sys-
tematic study of Large Audio Model (LAM)
as a Judge, AudioJudge, investigating whether
it can provide a unified evaluation framework
that addresses both challenges. We systemat-
ically explore AudioJudge across audio char-
acteristic detection tasks, including pronuncia-
tion, speaking rate, speaker identification and
speech quality, and system-level human pref-
erence simulation for automated benchmark-
ing. We investigate different prompt engineer-
ing strategies, finding that audio concatenation
combined with in-context learning significantly
improves performance across both audio char-
acteristic detection and human preference sim-
ulation tasks. We further introduce a multi-
aspect ensemble AudioJudge to enable general-
purpose multi-aspect audio evaluation. This
method decomposes speech assessment into
specialized judges for lexical content, speech
quality, and paralinguistic features, achieving
up to 0.91 Spearman correlation with human
preferences on our system ranking benchmark.
Robustness analysis reveals that while LAMs
maintain strong performance under acoustic
noise, they exhibit significant verbosity and po-
sitional biases that require careful mitigation.

1 Introduction

Current speech evaluation faces two critical limita-
tions: reliance on specialized systems for individ-
ual audio characteristics and poor correlation be-
tween automatic methods and human preferences.
LAMs that process speech and generate natural
language responses (Tang et al., 2024; Chu et al.,
2024; Held et al., 2024) present an opportunity to

*Equal contribution. Project code: AudioJudge
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address both challenges through a unified frame-
work: Prompting LAMsS to act as judges (referred
to as AudioJudge in this work), analogous to the
successful LLM-as-a-Judge paradigm for text eval-
uation (Zheng et al., 2023), can potentially reduce
the need for specialized model training and simu-
late human preferences well. While prior works
have used AudioJudge (Yang et al., 2025; Chen
et al., 2025), they have focused on individual tasks
and have not explored how to best prompt LAMs
for AudioJudge pipelines.

In order to provide guidance of when and how
to effectively use AudioJudge, we present a sys-
tematic study investigating the use of AudioJudge
across two evaluation scenarios that target distinct
use cases mentioned above: (1) Audio characteris-
tic detection that targets practitioners who need to
assess specific speech properties—pronunciation
accuracy, speaking rate, speaker identification (par-
alinguistic features), and speech quality at the ex-
ample level. This capability enables rapid analysis
of generated speech and audio recordings without
requiring specialized trained models for each char-
acteristic. (2) Overall human preference correla-
tion for evaluating how well LAMs can replicate
human preferences when ranking speech genera-
tion systems at the system level. This is useful for
automated tools to evaluate and compare speech
generation systems.

We further investigate the design space of Audio-
Judge for speech evaluation, exploring how differ-
ent prompting strategies affect performance across
diverse audio characteristics. We examine audio
concatenation (merging segments into continuous
streams) combined with in-context learning. Ad-
ditionally, we conduct comprehensive robustness
analyses on AudioJudge, examining its behavior
when subject to noise, its susceptibility to ver-
bosity and positional biases, which are limitations
previously observed in LLM-as-a-Judge (Saito
et al., 2023; Zheng et al., 2023). We present both

3644

Proceedings of the 19th Conference of the European Chapter of the Association for Computational Linguistics
Volume 1: Long Papers, pages 3644-3663
March 24-29, 2026 ©2026 Association for Computational Linguistics


https://github.com/Woodygan/AudioJudge
mailto:potsawee@stanford.edu
mailto:woodygan@usc.edu

strengths and limitations of current LAM evalua-
tion capabilities.

In summary, this work makes the following con-
tributions. First, we provide a systematic study
of AudioJudge across diverse speech evaluation
tasks, demonstrating its strengths and weaknesses
for evaluating both example-level audio character-
istics and system-level performance. We document
that current LAMs show limited reliability for fine-
grained paralinguistic discrimination, providing
crucial guidance on AudioJudge capabilities and
limitations. Second, we investigate prompt engi-
neering strategies tailored for audio evaluation, in-
troducing audio concatenation (merging segments
into continuous streams) combined with in-context
learning that improve performance at both exam-
ple and system levels, and a multi-aspect ensemble
approach that improves correlation with human
judgment. Third, we conduct thorough robustness
checks finding that LAMs maintain stability under
acoustic noise, but exhibit significant verbosity and
positional biases that require mitigation.

2 Related Work

LLM-as-a-Judge for Multimodal Evaluation.
The success of LLM-as-a-Judge for text evalua-
tion (Zheng et al., 2023; Dubois et al., 2023) has
inspired extensions to vision (Xiong et al., 2024;
Chen et al., 2024a) and audio. While some prior
works apply text-based LLMs to transcripts of
speech (Latif et al., 2023; Efstathiadis et al., 2025;
Yang et al., 2023), the most closely related research
to ours centers on using AudioJudge models pri-
marily for assessing speech quality (Deshmukh
et al., 2024; Wang et al., 2025b; Chen et al., 2025).
In contrast, we aim to investigate whether a sin-
gle model can reliably evaluate a broad range of
dimensions which practitioners might evaluate.

Specialized Speech Evaluation Systems. Tradi-
tional speech evaluation often relies on specialized
models: UTMOS, MOSANET+, MOSNet, and
DNSMOS for speech quality (Saeki et al., 2022;
Zezario et al., 2024; Lo et al., 2019; Reddy et al.,
2021), STOI and NISQA for intelligibility (Taal
et al., 2011; Mittag et al., 2021), and task-specific
systems for prosody (de Seyssel et al., 2024) and
pronunciation (de Seyssel et al., 2024; Korzekwa
et al., 2021). Some toolkits, such as VERSA (Shi
et al., 2025) combine many aspect-specific metrics-
for comprehensive speech quality analysis. While
effective within domains, developing each metric

or model requires extensive labeled data and cus-
tom architectures, creating scalability barriers that
AudioJudge can address.

Speech Benchmarking and Human Preferences.
Existing benchmarks evaluate speech systems
across tasks: VoiceBench (Chen et al., 2024b)
assesses general voice capabilities, SD-Eval (Ao
et al., 2024) measures speech understanding,
MMAU (Sakshi et al., 2024) evaluates multi-
modal audio understanding, AIR-Bench (Yang
et al., 2024) tests comprehensive audio reason-
ing, AudioBench (Wang et al., 2025a) benchmarks
audio-language models, SUPERB (Yang et al.,
2021) evaluates traditional speech processing, and
SLURP (Bastianelli et al., 2020) measures spoken
language understanding. However, these bench-
marks measure objective metrics rather than cap-
turing subjective human preferences. Prior work
on human evaluation of speech systemsshows that
static benchmarks poorly predict human prefer-
ences (Li et al., 2025) and has concluded that
LAMs are not straightforwardly usable for auto-
matic evaluation (Jiang et al., 2025). This work
will evaluate AudioJudge on a range of tasks, and
provide simple modifications to improve the cor-
relation between automatic rankings and human
preferences.

3 Designing AudioJudge

3.1 AudioJudge Framework

AudioJudge prompts a large audio model (LAM)
to act as a judge for speech evaluation tasks. Simi-
lar to LLM-as-a-Judge (Zheng et al., 2023; Liusie
et al., 2024), this framework can be implemented
in multiple modes: (1) pointwise scoring, (2)
reference-based comparison, and (3) pairwise com-
parison. In this work, we focus specifically on
pairwise comparison, where the LAM directly com-
pares two audio responses to determine which is
better or whether they match in a certain way'. The
prompting process for our pairwise comparison is
visualized in Figure 1.

Prior work using on speech quality evaluation
(Wang et al., 2025b; Chen et al., 2025) has not
explored how prompt engineering can improve per-
formance. As such, we investigate several design
strategies to enhance LAM evaluation capabilities
across different types of speech evaluation.

'In Appendix E, we find that pairwise evaluation provides
consistently more reliable results than pointwise evaluation.
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Aspects of Speech Generation Evaluation

Speech Say the word fomato twice starting
Instruction with a British pronunciation version, (i) Lexical Content (What is said)
||I|I|| then an American pronunciation « Accuracy, relevance, correctness of spoken
version, and teach me the difference content
¢ ‘ * ASR-decodable elements
Audio Model - Baselines: ASR + text-based LLM-as-a-Judge
(to be evaluated) Mociel A MOdfl B (i) Speech Quality (How well it is spoken)
Speech Output « Clarity, intelligibility, naturalness
'II'I" Response A Response B « Pronunciation, fluency, noise level
¢ ¢ « Baselines: MOS (e.g., UTMOS, MOSANET)
I;J:’Odn% St — AudioJudge <« (iii) Paralinguistic (How it is delivered)
¢ » Tone, Emotion, Prosody (rhythm, stress, intonation)
Judge Text Prediction e.g. pairwise A>B « Speaking style, accent, expressiveness
Response ’ ’ + Baselines: None

Figure 1: AudioJudge takes an instruction and audio responses and then performs evaluation (e.g., pairwise in this

illustration) based on a judge evaluation prompt.

3.2 In-Context Audio Concatenation

In-Context Learning (ICL) has proven effective
for text-based LLMs (Brown et al., 2020; Dong
et al., 2022), making it a natural candidate for ex-
ploration with AudioJudge models. Since vanilla
AudioJudge shows limited performance on sev-
eral tasks (as we demonstrate in Section 4) and
strong LAMs are primarily accessible via API only,
we explore prompt engineering strategies to im-
prove evaluation capabilities, extending text-LLM
ICL practices (Fu et al., 2024) to the audio do-
main. However, unlike text, audio inputs introduce
unique challenges: multiple audio segments can
be appended to a language-audio model’s (LAM’s)
context in two primary ways—naively, where each
audio segment is uploaded as a separate file, or via
concatenation, where segments are merged into a
single continuous audio stream with acoustic cues
(e.g., pauses or boundary tones) between segments.

We investigate two key design dimensions (i)
whether to concatenate in-context examples into
longer audio sequences, and (2) whether to concate-
nate audio from test audio—response pairs. This
yields five concatenation strategies: No Concate-
nation, Pair Example Concatenation, Examples
Concatenation, Test Concatenation, and Full Con-
catenation.

The underlying intuition is that LAMs may better
comprehend continuous audio streams than frag-
mented, alternating audio—text contexts, as separate
audio streams may reduce performance by forcing
the model to switch between modalities. Detailed
examples and prompt templates for each strategy
are provided in Appendix B.1.

3.3 Transcript Information Augmentation

We hypothesize that providing LAMs with addi-
tional textual information when processing audio
might boost their performance. Specifically, we
examine whether providing ground truth or ASR
transcripts (GPT-40 Transcribe (OpenAl, 2024))
together with audio helps the model by releasing it
from speech recognition and reducing the reason-
ing steps required for the evaluation task.

3.4 Multi-Aspect Judge Ensemble

For comprehensive speech evaluation tasks that
involve judgment across multiple dimensions, we
investigate whether decomposing the evaluation
into individual aspects and then ensembling im-
proves performance. Specifically, we introduce a
multi-aspect ensemble approach with three judges
differing by prompts and majority voting. We in-
vestigate this ensemble method on SpeakBench,
which is a multi-aspect evaluation dataset in Sec-
tion 5. The three specialized judges are as follows:

¢ Lexical Judge: Evaluates textual content (i.e.,
accuracy, completeness, organization) while ig-
noring audio qualities.

 Paralinguistic Judge: Assesses whether tone,
prosody, expressiveness, and accent patterns sat-
isfy the instruction’s requirements while ignoring
content quality.

* Speech Quality Judge: Focuses on clarity, nat-
uralness, fluency, and pronunciation correctness
while ignoring content and expressive features.

Each judge (differing in their prompts) indepen-
dently produces a prediction (Audio 1 better, Audio
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2 better, or tie) for the same audio pair. We then
apply majority voting to determine the final ensem-
ble prediction. Different prompting strategies (de-
scribed in Section 3.2) can be used in the ensemble
method. Section 4 compares these prompting strate-
gies, and Section 5 applies the best-performing
setup to the ensemble method.

4 Audio Characteristic Detection

4.1 Task Definition and Motivation

Audio characteristic detection focuses on evalu-
ating specific, measurable properties of speech
signals. Rather than training specialized models
for each characteristic (Desplanques et al., 2020;
Saeki et al., 2022; Zezario et al., 2024; Wang et al.,
2025b), we explore whether AudioJudge can serve
as a unified framework through prompting alone.
We assess this from two key perspectives.

From the perspective of Paralinguistic Feature
Detection, we look at whether LAM can accurately
detect subtle speech variations by quantifying:

* Pronunciation accuracy: Do two pronuncia-
tions of the same word match?

* Speaking rate detection: Which speech utter-
ance is spoken faster?

* Speaker identification: Are these audios from
the same speaker?

From the aspect of Speech Quality Assessment,
we examine whether LAM can distinguish speech
clarity, intelligibility, and naturalness, using ex-
isting speech quality evaluation datasets, across
different conditions and languages as follows:

* SOMOS: Naturalness assessment of synthesized
English speech;

» TMHINTQ: Mandarin Chinese speech quality
under various noise conditions;

* ThaiMOS: Pronunciation accuracy evaluation of
synthesized Thai speech.

Each evaluation uses a pairwise comparison for-
mat where LAMs determine which of two audio
samples better exhibits the target characteristic. De-
tailed dataset descriptions are in Appendix A.1.

4.2 Results and Analysis

Understanding Task Difficulty and Human Per-
formance Ceiling. Before interpreting model
performance, we aim to understand the inherent
difficulty of the tasks. To that end, we conducted

an independent human evaluation using 2 annota-
tors who were not involved in the original dataset
annotations, with the same instructions as LAMs.
Annotators achieved 69.5%-83.0% accuracy across
tasks (as shown at the bottom of Table 1), reflect-
ing the subjective nature of the tasks, such as in
the standards for speech quality and pronunciation.
These human performance levels set realistic upper
bounds for automated evaluation.

We then evaluate AudioJudge design choices in-
troduced in Section 3 on audio characteristic detec-
tion tasks using GPT-40-Audio. The experimental
results in Table 1 reveal the following findings:

1) Baseline fails on paralinguistic tasks. With
basic prompting, the accuracy on pronunciation
(46.0%) and speaking rate (46.9%) approximates
random guessing, showing that even strong LAMs
struggle to pick up paralinguistic cues without guid-
ance. In contrast, speech quality tasks show sub-
stantially better baseline performance.

2) Transcript information provides minimal ben-
efits. While adding ground truth transcript im-
proves pronunciation detection significantly (46.0%
— 63.0%, p < 0.01), other tasks show minimal
improvement or even degrade, leading to lower av-
erage performance. As textual information is not
helpful for most paralinguistic judgments, we do
not investigate this approach further.

3) ICL without audio concatenation yields mini-
mal improvements. Traditional in-context learn-
ing with separately presented audio examples
yields only marginal gains over zero-shot. Even
with 4-shot examples, most tasks show modest im-
provements, with only speaking rate achieving sta-
tistical significance (46.9%—53.6%, p < 0.05),
indicating that ICL without audio concatenation is
insufficient for complex audio evaluations.

4) Audio concatenation strategies show sub-
stantial benefits. Concatenating test audios (7est
Concat) alone produces meaningful improvements
across multiple tasks. Compared to the baseline,
0-shot 7est Concat achieves significant gains on
pronunciation (46.0%—66.0%, p < 0.001) and
speaking rate (46.9%—54.2%, p < 0.05). This
suggests that eliminating modality transitions be-
tween audio segments helps LAMs focus on direct
audio comparison.

5) Full Concat emerges as the optimal strat-
egy. Using 4-shot Full Concat, we achieve the
best average performance, with significant gains
over the baseline in pronunciation (46.0%—66.5%,
p < 0.001), speaking rate (46.9%—55.3%, p <
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Audio Characteristic Evaluation (Accuracy %) Average
Method N-shot Paralinguistic Speech Quality
Prn Speed SKID SOM TMH ThaM
Random Guess N/A 50.0 50.0 50.0 50.0 50.0 50.0 50.0
Baseline 0 46.0 46.9 61.5 70.5 70.5 65.5 60.2
+ ASR Transcript 0 46.5 419 53.5 72.5 71.5 65.0 58.5
+ Ground Truth 0 63.0" 39.1 51.8 70.0 66.0 64.5 59.1
No Concat 2 41.0 49.7 60.5 66.5 65.0 60.0 57.1
4 46.5 53.6" 59.5 68.6 63.5 69.5 60.2
Pair Example Concat 2 43.0 51.4 62.5 63.5 66.0 56.5 57.2
4 47.0 52.5 57.9 64.0 67.5 64.0 58.8
Examples Concat 2 47.2 50.3 59.0 64.0 68.0 62.5 58.5
4 58.5" 46.4 64.5" 63.0 65.0 57.5 59.2
Test Concat of 66.0"" 542 64.0 72.5 70.5 65.5 65.4
2 580" 514 63.0 62.5 67.0 58.5 60.1
4 63.5" 63.7"" 59.0 73.0 66.5 55.0 63.5
Full Concat 2 635 564" 740" 67.0 70.5 62.5 65.7
4 66.57" 553" 70.0 71.0 74.5 64.0 66.9
6 66.5" 50.6 66.0" 73.5 71.0 60.5 64.7
8 675" 51.4 64.5" 71.0 70.0 58.0 63.7
Human Performance N/A 69.5 77.8 83.0 71.0 78.0 77.5 76.2

Table 1: Evaluation of AudioJudge design choices using GPT-40-Audio on audio characteristic detection tasks.
Accuracy (%) is reported for pairwise comparisons. Bold = best; Underline = second best. Prn = pronunciation,
Speed = speaking rate, SKID = speaker identification, SOM = SOMOS, TMH = TMHINTQ, ThaM = ThaiMOS. *,
*% %% denote statistical significance over baseline at p < 0.05, 0.01, 0.001, respectively, determined via bootstrap
testing. TThis setting is also the O-shot setting for Full Concat.

0.01), and speaker identification (61.5%—70.0%,
p < 0.05). For speech quality tasks, the method
also shows improvements and approaches human
performance. However, LAMs still face challenges
with certain paralinguistic tasks, particularly speak-
ing rate detection where a large gap with human
performance remains.

6) Diminishing returns beyond 4-shot examples.
Given the superior performance of the Full Concat
method within the 4-shot range, we extended our
analysis to include 6 and 8 examples. However, this
yielded minimal gains and occasionally decreased
performance. The 4-shot setup appears to provide
an optimal balance between providing sufficient
guidance and avoiding information overload.

Take-aways The current AudioJudge, with ba-
sic prompting, struggles to distinguish paralinguis-
tic clues. Incorporating audio concatenation and
ICL examples significantly improves performance,
bringing it closer to human performance on tasks
such as pronunciation. Full Concatenation with 4-
shot examples emerges as the optimal configura-
tion, which we adopt for subsequent experiments in
Section 5. However, these prompting engineering

techniques remain insufficient for certain aspects
like speaking rate detection.

4.3 Comparison with Specialized Models

To contextualize AudioJudge performance, we also
compare it against existing specialized neural net-
works trained specifically for speech quality assess-
ment. Table 2 presents results for UTMOS (Saeki
et al., 2022), MOSANET+ (Zezario et al., 2024),
and SALMONN-FT (Wang et al., 2025b)—models
fine-tuned on MOS-labeled data. Notably, Audio-
Judge requires less than 1% of the annotation effort
compared to even the most data-efficient special-
ized model (MOSANET+: 25 hrs vs AudioJudge:
<0.2 hrs), demonstrating substantial cost savings
while maintaining competitive performance.

The results show that specialized networks
achieve superior performance on in-domain tasks
(SOMOS and TMHINTQ), reflecting the benefits
of task-specific training with extensive labeled data.
However, their performance degrades substantially
on out-of-domain dataset such as ThaiMOS, where
they underperform despite their training overhead.
In contrast, AudioJudge demonstrates more consis-
tent cross-domain performance with minimal data
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Method DataReq SOM TMH ThaM
UTMOS 100 hrs’ 715 715 53.5
MOSANET+ 25 hrs' 85.0 775 62.5
SALMONN-FT 650 hrs’ 82.0 61.0 58.5
AudioJudge <02hrs 71.0 745 64.0

Table 2: AudioJudge vs. specialized baselines on speech
quality assessment. Data Req = estimated human anno-
tation time for data used for training/in-context learning.
"We estimate by #annotations times 6 seconds as the
average time for each annotation. AudioJudge uses Full
Concat 4-shot.

requirements through in-context learning, achiev-
ing competitive results on ThaiMOS (64.0%) and
even outperforming some specialized models on
cross-domain tasks. This highlights LAMs as
an effective alternative for speech quality as-
sessment, especially for diverse languages or low-
resource evaluation settings.

5 Human Preference Correlation

5.1 Task Definition and Motivation

Human preference correlation focuses on ranking
systems, enabling automated benchmarking and
system comparison. We develop two datasets tar-
geting different aspects of system-level evaluation:
Lexical Content Evaluation: Can LAMs rank
systems based on lexical content quality when de-
livered through speech? We evaluate this using
ChatbotArena-Spoken, where we synthesize spo-
ken versions of text conversations from a subset
of ChatbotArena (filtered to be suitable for a con-
versation format). Since the original annotations
assess lexical content quality, this tests whether
LAMs can maintain ranking accuracy when the
same content is presented auditorily. >
Multi-Aspect Speech Evaluation: Can LAMs
simulate human preferences that encompass lexi-
cal content, speech quality, and paralinguistic ap-
propriateness? We test this using SpeakBench, a
speech-in speech-out evaluation dataset designed
to assess whether a system can (1) understand
a spoken instruction and (2) generate a spoken
response that not only conveys appropriate con-
tent but also expresses the required paralinguis-
tic feature such as pronunciation (accents, tones),
speaking style/emotion, prosody & delivery (vol-
ume, pitch, speed), or non-linguistic sound effects

2We provide modality consistency analysis (e.g., text-to-
text, or audio-to-audio) in Appendix F.

(whistling, animal sounds). SpeakBench comprises
82 instructions, and we collect 508 human judg-
ments across 13 speech-in speech-out systems.?

5.2 Results and Analysis

Building on prior findings (in Section 4), we eval-
uate overall human preference correlation using
the best setup: 4-shot Full Concatenation. We
assess two leading LAMs—GPT-40-Audio and
Gemini-2.5-Flash—reporting Spearman correla-
tions between LAM judgments and human prefer-
ences. Also, the multi-aspect nature of SpeakBench
enables evaluation of the multi-aspect ensemble
method introduced in Section 3.4.

Table 3 presents our system-level preference sim-
ulation results, highlighting several key findings:
1) Strong baseline performance across both
datasets. Both LAMs demonstrate impressive zero-
shot performance, with GPT-40-Audio achieving
0.902 correlation on ChatbotArena-Spoken and
0.731 on SpeakBench, while Gemini-2.5-Flash
reaches 0.805 and 0.846 respectively. This indi-
cates that current LAMs are able to rank speech-in
speech-out systems at a reliable level.

2) Consistent improvements from audio concate-
nation and in-context learning. The Full Con-
cat 4-shot setup provides improvements over base-
line performance in both models and datasets. On
ChatbotArena-Spoken, GPT-40-Audio improves
from 0.902 to 0.931, while Gemini-2.5-Flash gains
from 0.805 to 0.877. Similarly, SpeakBench shows
improvements from 0.731 to 0.775 for GPT-4o0-
Audio and from 0.846 to 0.857 for Gemini-2.5-
Flash.

3) Multi-aspect ensemble shows superior perfor-
mance. For SpeakBench, the multi-aspect ensem-
ble approach achieves higher correlations: 0.802
for GPT-40-Audio and 0.912 for Gemini-2.5-Flash
in the zero-shot setting. This represents a sub-
stantial improvement over single-judge approaches,
demonstrating the value of specialized judges for
different evaluation dimensions.

4) Model-dependent effectiveness of combina-
tion strategies. Interestingly, combining multi-
aspect ensemble with Full Concat shows different
effects across models. For GPT-40-Audio, the com-
bination further improves performance (0.802 —
0.846), while for Gemini-2.5-Flash, it slightly de-
grades performance (0.912 — 0.857). This sug-
gests that optimal prompting strategies can be

3Detailed dataset descriptions and human annotation pro-
cedures are provided in Appendix A.2
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ChatbotArena-Spoken (Lexical)

SpeakBench (Multi-Aspect)

Method

GPT-40 Gemini-2.5 GPT-40 Gemini-2.5
Random Guess 0.000 0.000 0.000 0.000
AudioJudge 0.902 0.805 0.731 0.846
AudioJudge + ICL 0.931 0.877 0.775 0.857
Multi-Aspect AudioJudge - - 0.802 0.912
Multi-Aspect AudioJudge + ICL - - 0.846 0.857

Table 3: Human preference simulation with GPT-40-Audio and Gemini-2.5-Flash. Spearman correlations are
reported for ChatbotArena-Spoken (lexical content) and SpeakBench (multi-aspect evaluation). ICL refers to the

non

Full Concat with 4-shot examples.
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Figure 2: AudioJudge (Multi-Aspect Ensemble with
Gemini-2.5-Flash) predictions and human preferences
on SpeakBench. The analysis of this ranking is in Ap-
pendix D, and a similar plot for ChatbotArena-Spoken
is shown in Figure 18 in Appendix I.

model-dependent and that the ensemble approach
likely already saturates in performance.

Takeaways. With proper prompt engineering,
AudioJudge achieves a strong correlation with hu-
man preferences, up to 0.93 on ChatbotArena-
Spoken and 0.91 on SpeakBench (illustrated in
Figure 2) — a similar correlation level to AlpacaE-
val (Li et al., 2023), making it a potential solution
to automated speech-based system benchmarking.

6 Robustness Analysis of AudioJudge

This section assesses robustness and biases, critical
for gauging AudioJudge’s reliability. To isolate
inherent robustness properties, all experiments use
the zero-shot setup without audio concatenation.

6.1 Robustness Against Noise

We test noise robustness by incrementally adding
white Gaussian noise to ChatbotArena-Spoken au-
dio samples, avoiding non-lexical tasks whose la-
bels could shift under noise distortion.

indicates settings not applicable to the respective datasets.
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Figure 3: Noise robustness analysis. Percentage of
unchanged GPT-40-Audio predictions across varying
Signal-to-Noise Ratios on ChatbotArena-Spoken.

Figure 3 demonstrates that GPT-40-Audio main-
tains robust performance against noise pertur-
bations. Even at alow SNR of 1 dB, the unchanged
prediction rates remain high across all prediction
categories: 85% for Chosen responses, 93% for
Not-Chosen responses, and 73% for Tie decisions.
These values significantly exceed the expected 33%
unchanged rate under complete audio corruption,
indicating strong resistance to acoustic noise. This
suggests that LAMs are likely optimized for con-
tent extraction under noise, as demonstrated by re-
liable performance even in noisy audio conditions.

6.2 Verbosity Bias

Humans and LLM judges exhibit verbosity
bias—preferring longer responses when content
is otherwise equal (Saito et al., 2023). We test
whether LAMs have this bias by analyzing tie-rated
examples. For non-lexical tasks, analyzing this bias
is challenging due to confounding factors—Ilonger
responses may include words that are harder to
pronounce or exhibit different prosodic patterns.
Hence, we focus on ChatbotArena-Spoken.
Specifically, we examine LAM preferences on
tie-rated audio examples where one response’s tran-
script is at least 5 tokens longer than the other. As
shown in Figure 4, all models exhibit a preference

3650



[ Prefer Longer
[0 Prefer Shorter

49.3

Percentage (%)
N w B w
o o o o

=
o

0 Gemini-1.5-F  Gemini-2.0-F  Gemini-2.5-F  GPT-40-Audio
Models

Figure 4: Verbosity bias on ChatbotArena-Spoken. Per-
centage of judge preferences when two equally rated
outputs differ in length—categorized as a tie, preference
for longer output, or preference for shorter output.

- [ Position 1 Bias
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Figure 5: Positional bias on ChatbotArena-Spoken. Po-
sition 1 Bias and Position 2 Bias indicate the percentage
of cases where the model consistently prefers the first
or second response.

for longer speech responses. Bootstrap tests con-
firm that this bias toward longer responses is signifi-
cant in all models (p < 0.01), reflecting systematic
verbosity bias similar to prior text LLM-as-a-judge
findings (Saito et al., 2023; Zheng et al., 2023).
Despite this, GPT-40-Audio still achieves corre-
lation p > 0.9 because this bias primarily affects
examples that are close in quality (e.g., tie-rated
examples account for only only about 20% of our
data), and the verbosity bias does not favor spe-
cific models—meaning the relative ranking order
remains preserved.

6.3 Positional Bias

Positional bias refers to systematic preferences for
responses based on presentation order rather than
quality. We measure it by presenting the same
audio pair in both orders (A-B and B-A) and iden-
tifying cases where models consistently favor the
first or second position, regardless of the content.
In lexical content evaluation, Figure 5 shows that
GPT-40-Audio, Gemini-1.5-Flash, and Gemini-

v
o

49.2 [ Position 1 Bias
[ Position 2 Bias

Percentage (%)
N w N
o o o

=
o

SOMOS
Evaluation Tasks

TMHINTQ ThaiMOS SpeakBench

Figure 6: Positional bias on non-lexical datasets using
GPT-40-Audio. Position 1 and 2 Bias indicate the per-
centage of cases where the model consistently prefers
the first or second response. Speed = speaking rate.

2.5-Flash all favor the first position (with boot-
strap p < 0.05), whereas Gemini-2.0-Flash dis-
plays no reliable directional bias (p > 0.8).
Despite this bias, Gemini-2.5-Flash and GPT-4o-
Audio remain stable on most datapoints (87.4%
and 89.8% respectively). Gemini-1.5-Flash demon-
strates both strong first-position bias (18.3%) and
lower overall stability (76.6%), suggesting greater
susceptibility to order effects.

In non-lexical evaluation, positional effects are
even more pronounced for speaking rate, speech
quality, and SpeakBench as shown in Figure 6. Sim-
ilar to lexical evaluation, GPT-40-Audio shows a
first-position bias on SOMOS and TMHINTQ
(p < 0.01). In contrast, speaking rate evaluation
exhibits a large recency bias (p < 0.01) where
the model predicts the second audio as faster in
49.2% of cases even after the order is reversed.
ThaiMOS and SpeakBench display more bal-
anced positional preferences, but the percentage
of stable predictions is still lower than 80.0%. In
Appendix G, we show that positional bias grows as
the MOS gap between SOMOS clips narrows (indi-
cating harder discrimination). This highlights that
current LAMs are more susceptible to positional
bias as task difficulty increases.

6.4 Mitigation Strategies

While our study focuses on documenting biases
rather than solving them, several mitigation strate-
gies warrant exploration in future work. For
verbosity bias, explicit length normalization in
prompts or post-hoc calibration methods similar to
those used in text-based LLM judges (Zheng et al.,
2023) could help. For positional bias, random-
ized presentation orders with consistency checks
(similar to our reversed-pair analysis) or position-
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invariant aggregation schemes could improve reli-
ability. Additionally, ensemble methods that com-
bine predictions from different orderings may help
cancel out order effects. These directions remain
important areas for future research to make Audio-
Judge more robust for practical deployment.

7 Conclusion

This study finds that, with current LAMs, Audio-
Judge with basic prompting still struggles with non-
lexical judgments, often performing near random
chance. Prompting engineering techniques (ICL
with audio concatenation) raise performance, yet
even the best current setups remain insufficient to
evaluate all non-lexical scenarios at the example
level. However, at the coarser system level, Audio-
Judge correlates with human preferences strongly
(p>0.9), enabling reliable automated benchmark-
ing. Robustness analysis shows that AudioJudge
is strongly resistant to noise but exhibits persistent
verbosity and positional biases, indicating the need
for careful experimental design in evaluation.
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Limitations

Despite our prompt engineering efforts, LAM per-
formance on paralinguistic tasks remains signifi-
cantly worse than human annotators, with particu-
larly large gaps in speaking rate detection (77.8%
vs 55.3%) and speaker identification (83.0% vs
70.0%), indicating fundamental challenges in cur-
rent LAMs’ auditory discrimination capabilities.
The Full Concat and multi-aspect ensemble ap-
proaches, while effective, impose substantial cost,
limiting their practical scalability. Despite being
the first speech-in speech-out evaluation dataset fo-
cusing on generated speech with paralinguistic fea-
tures, SpeakBench is relatively small in scale, cur-
rently comprising 82 instructions and 13 systems
(1,066 total datapoints), so it may not fully capture
the diversity of real-world speech-in speech-out
evaluation scenarios. Future work should extend
this evaluation dataset to include more languages,

dialects, paralinguistic categories, and systems to
better assess generalization.
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A Datasets

A.1 Audio Characteristic Detection Datasets

A.1.1 Pronunciation Dataset

This dataset consists of pairs of a Wiktionary ref-
erence recording with the same word spoken by
GPT-40-Audio. Two annotators, who are native
English speakers, labelled whether the pronuncia-
tions of the two recordings match or not, resulting
in binary labels. In total, this work makes use of
200 such pairs for pronunciation assessment.

A.1.2 Speaking Rate Dataset

This dataset also draws utterance pairs from
LibriTTS-R, but each pair comes from a single
speaker. The speaker rate is computed as phonemes
(following the data preparation recipe of ParlerTTS
(Lacombe et al., 2024)) divided by the utterance du-
ration. The label indicates which utterance is faster.
This work makes use of 187 such data points.

A.1.3 Speaker Identification Dataset

This dataset is built from LibriTTS-R (Koizumi
et al., 2023) by sampling utterance pairs that ei-
ther share the same speaker or come from different
speakers, yielding a binary same/different task. We
did not separate between different genders of speak-
ers. This work makes use of 200 such data points.

A.1.4 SOMOS Dataset

The dataset is derived from the original SOMOS
dataset (Maniati et al., 2022). The speech is in En-
glish, containing synthezised speech with crowd-
sourced MOS ratings on a 1-5 scale on the “natural-
ness" of speech. The samples are taken from 200
TTS systems of 100 English sentences randomly
selected from the LJ Speech scripts. Given that
the task of naturalness annotation can be highly
subjective, this pairwise dataset only contains pairs
where the average difference in MOS ratings is
greater than 1.0. Due to the high cost incurred in
examining various prompt setups, we sample 200
random pairs (out of 593 all pairs satisfying the
MOS difference) for evaluation.

A.1.5 TMHINTQ Dataset

The dataset is derived from the TMHINT-Q dataset
(Chen and Tsao, 2022). The speech is in Mandarin
Chinese, and noise of different types and levels was
added to the clean speech. Human annotators were
asked to score each audio on its “quality" aspect
on a 1-5 scale. The full pairwise mapped dataset

contains 6475 pairs, and for this work we sample
200 pairs for evaluation.

A.1.6 ThaiMOS Dataset

We selected 50 sentences from the Thai subset of
CommonVoice transcripts. Speech outputs were
synthesized using 11 different TTS systems, pro-
ducing 600 audio files (50 sentences X 12 systems,
including the original CommonVoice recordings).
The 11 TTS systems are PyThaiTTS, Azure TTS
systems (Niwat, Achara, Premwadee), BOTNOI
TTS systems (spk13, spk7, spk30), gTTS, macOS,
Google Cloud Platform TTS, and Seamless.

The audio samples were evaluated by 16 human
subjects employed by DataWow (professional an-
notation service with appropriate compensation).
Each subject listened to utterances and provided rat-
ings using the following guideline on three aspects:

* Sound Quality (Noise Level): Evaluates the pres-
ence of noise and distortions in the audio file.

* Rhythm: Assesses the naturalness of pauses be-
tween words and sentences.

* Pronunciation: Measures the accuracy of pho-
netic articulation for each word.

Each aspect was rated on a Likert scale from 1 to 5,
where a higher score indicates better performance.
For this work, we make use of pronunciation as
the main quality score. Similar to SOMOS and
TMHINTQ, we sample 200 pairs for evaluation.

Artifact Licensing and Usage All datasets used
are publicly available under appropriate licenses
(e.g., LibriTTS-R: CC-BY-4.0, CommonVoice:
CCO0, ChatbotArena: CC-BY-NC-4.0) or created by
the authors. Usage complies with original purposes
and commercial API terms of service.

A.2 Human Preference Simulation Datasets
A.2.1 ChatbotArena-Spoken Dataset

We assume that some conversations are suitable
for both written and spoken formats. Based on this
assumption, we leverage the existing ChatbotArena
dataset (Zheng et al., 2023) to simulate speech-
based conversations using the following steps:

 Step I: Starting from the original ChatbotArena
containing 33K conversations, we keep only two-
turn conversations.

» Step 2: We employ GPT-40-mini to filter out
non-spoken-like rows using a specialized filtering
prompt.
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* Step 3: For each item (user question, response A,
response B) in each row, we synthesize speech
using one voice randomly selected from 12 high-
quality voices (bella, nicole, sarah, kore, aoede,
puck, michael, fenrir, emma, isabella, fable,
george) in KokoroTTS v0.19. This yields 7.8K
data points, from which we randomly select 1K
for evaluation.

A.2.2 SpeakBench Dataset

We curate SpeakBench comprising 82
paralinguistic-focused instructions across
four categories specifically targeting speech-in
speech-out system evaluation. We used GPT-40
to expand 20 seed prompts into 100 instructions,
then removed duplicates and non-nuanced items.
The instructions are synthesized into speech via
KokoroTTS.

Table 4 presents the four instruction categories
with their descriptions, examples, and counts in our
final corpus.

For each speech-in speech-out system, we
prompted them with the audio instruction and
collected their audio response for evaluation.
There are 13 speech-in speech-out systems in the
dataset, including end-to-end models and cascaded
pipelines:

¢ End-to-end (proprietary): GPT-40-Audio
(gpt-40-audio-preview-2024-12-17);
Gemini-2.0-Flash (gemini-2.0-flash-exp)

* End-to-end (open-source): Typhoon2-
Audio (Manakul et al., 2024), Llama-Omni (Fang
et al., 2024), and Moshi (Défossez et al., 2024)

* Speech-in Text-out LAM: DiVA (Held et al.,
2024) and Qwen2-Audio (Chu et al., 2024)

e Text LLM + TTS: GPT-40 + TTS, Gemini-2.0-
Flash + TTS, Llama3 + TTS

* ASR + Text LLM + TTS: GCP Speech-to-Text
+ Llama3 + KokoroTTS

Human Annotation. To validate AudioJudge
for speech-in speech-out system ranking, we col-
lect 508 human judgments on random model pairs
covering every SpeakBench instruction, using 4
annotators. Annotators were recruited from our
research group members and collaborators on a
voluntary basis. Each annotation involves an in-
struction and responses from two candidate models,
and an annotator selects which response is better
or declares a tie. This validation data is available
on HuggingFace under the CC-BY-4.0 license.

B Prompts

For each dataset in Section 4 and Section 5, there
are specific system prompts and user messages as
instructions, as presented in Table 5 and Table 6.

B.1 Audio-text Concatenation Prompt
Strategies

As described in Section 3.2, we test 5 different
strategies for prompting in-context learning exam-
ples. For audio characteristic evaluation in Sec-
tion 4, each datapoint has 2 audios, the exact
prompt templates for each strategy are illustrated in
Figures 7, 8, 9, 10, and 11. For system-level evalu-
ation in Section 5, since there are 3 audios, which
also include the instruction audio, templates are
slightly modified accordingly, which are illustrated
in Figures 12, 13, 14, 15, and 16.

NO CONCATENATION

System Prompt: {system prompt}
User: Here is the first audio clip:
{Example 1 - Audio 1}

Here is the second audio clip:
{Example 1 - Audio 2}

{user message}

Assistant: {"match/label”: "..."}
User: Here is the first audio clip:
{Example 2 - Audio 1}

Here is the second audio clip:
{Example 2 - Audio 2}

{user message}

Assistant: {"match/label”: "..."}
... (additional examples)

User: Here is the first audio clip:
{Test - Audio 1}

Here is the second audio clip:
{Test - Audio 2}

{user message}

Figure 7: No Concatenation method: Each audio input
is presented separately to the model.

PAIR EXAMPLE CONCATENATION

System Prompt: {system prompt}
User: Please analyze these audio clips:

{Concatenated Example 1 - Audio 1&2}
{user message}
Assistant: {"match/label”: "..."}

User: Please analyze these audio clips:
{Concatenated Example 2 - Audio 1&2}
{user message}

Assistant: {"match/label”: "..."}

... (additional examples)

User: Here is the first audio clip:
{Test - Audio 1}

Here is the second audio clip:

{Test - Audio 2}

{user message}

Figure 8: Pair Example Concatenation method: Within-
example concatenation where the example audio pairs
are concatenated into single files, but test files remain
separate.
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Category Description

Example Count

Instructions emphasizing regional or
language-specific accent differences,
pronunciation nuances, or tones

Pronunciation

Teach me an example of Chinese Mandarin tones 16
using the word 'ma’ in different tones. First,

show me how you pronounce all tones in one go,

then explain each one.

Speaking Style, Instructions about telling a

Emotion, Tone  story/narrative sometimes with a
focus on an emotion, tone, or speaking
style

Tell a bedtime story about a robot using a whis- 19
pering voice.

Prosody & De-
livery

Instructions focusing on variations in
volume, pitch, and speed

Perform a countdown from 10 to 1, starting with 28
a slow, deliberate pace and accelerating as you
approach zero.

Instructions requiring imitation of non-
verbal sounds like whistling, animal
calls or mimicking Morse code

Non-Linguistic
Sound Effects

Whistle a short tune and then smoothly transition 19
to saying the phrase 'Good morning, have a
great day!’

Table 4: SpeakBench instruction categories with descriptions, examples, and counts.

EXAMPLES CONCATENATION

System Prompt: {system prompt}

User: Here are some examples for reference:
{Concatenated all examples}

Examples information:

Example 1: Match/Label: ...

Example 2: Match/Label: ...

... (additional examples)

Assistant: I understand these examples. I’1l apply this
understanding to analyze the new audio clips you provide.
User: Here is the first audio clip:

{Test - Audio 1}

Here is the second audio clip:

{Test - Audio 2}

{user message}

Figure 9: Examples Concatenation method: All clips
from N-shot examples are stitched into one long wave-
form, but test audio files remain separate.

TEST CONCATENATION

System Prompt: {system prompt}
User: Here is the first audio clip:
{Example 1 - Audio 1}

Here is the second audio clip:
{Example 1 - Audio 2}

{user message}

Assistant: {"match/label”: "..."}
User: Here is the first audio clip:
{Example 2 - Audio 1}

Here is the second audio clip:
{Example 2 - Audio 2}

{user message}

Assistant: {"match/label”: "..."}
... (additional examples)

User: Please analyze these audio clips:
{Concatenated Test - Audio 1&2}
{user message}

Figure 10: Test Concatenation method: Examples re-
main separate, but test audio pairs are concatenated.

B.2 Multi-aspect Ensemble Prompts

The multi-aspect ensemble prompts follow the
same structure as Figure 12 and Figure 16 (if us-
ing Full Concatenation), with the only difference
being the system prompts that emphasize specific

FULL CONCATENATION

System Prompt: {system prompt}

User: Here are some examples for reference:
{Concatenated all examples}

Examples information:

Example 1: Match/Label: ...

Example 2: Match/Label: ...

... (additional examples)

Assistant: I understand these examples. I’11
apply this understanding to analyze the new
audio clips you provide.

User: Please analyze these audio clips:
{Concatenated Test - Audio 1&2}

{user message}

Figure 11: Full Concatenation method: All example
clips are aggregated into one audio file, and test clips
are also concatenated.

evaluation aspects as described in Section 3.4. The
system prompt for each judge is shown in Table 7.

C Speech Quality Evaluation Baselines

Here we explained trained networks that were de-
veloped for evaluating speech quality, which we
introduced in 4.3, and they all require training data
such as speech with associated MOS ratings:

e UTMOS (Saeki et al., 2022): A MOS predic-
tion system that combines ensemble learning
with self-supervised learning SSL-based neural
networks and traditional ML models. Initially
trained on English and Chinese datasets, it has
been shown to achieve a correlation coefficient
above 0.8 for additional languages like Japanese
(Seki et al., 2023).

* MOSANET+ (Zezario et al., 2024), a speech
assessment model designed to estimate human
speech quality and intelligibility. Leveraging
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Dataset

System Prompt (standard_cot)

Pronunciation

You are an expert linguist tasked with comparing two audio recordings solely for their pronunciation. Focus on the precise sequence of
phonemes, the number of syllables, and the stress/emphasis patterns. Differences due only to regional accent (e.g., British vs. American)
should be ignored. For example, if two speakers say tomato’ as "toh-MAH-toh” (even if their accents differ), they match; if one says
toh-MAY-toh’, then they do not match.

IMPORTANT: Respond in text only (do not include any audio output) and output valid JSON with exactly two keys: ’reasoning’ (a detailed
chain-of-thought explanation) and *match’ (a boolean verdict).

Speaker Identity

You are an expert in voice analysis tasked with determining if two audio recordings are from the same speaker. Focus specifically on vocal
characteristics that identify a unique speaker, such as pitch range, timbre, resonance, articulatory habits, and idiosyncratic speech patterns.
Ignore differences in speaking rate, emotional tone, or content. Pay attention to the unique vocal fingerprint that remains consistent across
different speaking contexts.

IMPORTANT: Respond in text only (do not include any audio output) and output valid JSON with exactly two keys: ’reasoning’ (a detailed
chain-of-thought explanation) and *match’ (a boolean verdict indicating whether the recordings are from the same speaker).

Speaking Rate

You are an expert in speech rate analysis tasked with determining which of two audio recordings features faster speech. Focus exclusively
on speaking tempo - who speaks faster overall.

IMPORTANT: Respond in text only (do not include any audio output) and output valid JSON with exactly two keys: ’reasoning’ (a brief
explanation of your comparison) and ’label’ (a string value: ’1” if the first audio is faster, *2’ if the second audio is faster).

Speech Quality
(TMHINTQ, SOMOS,
ThaiMOS)

You are an expert in audio quality assessment specializing in synthesized speech evaluation. Your task is to critically compare two audio
files, the first audio (Audio 1) and the second audio (Audio 2), will be provided after this instruction. The evaluation is based on the
following criteria: 1. Clarity: How clearly the speech is articulated, free from distortion, noise, or artifacts. 2. Naturalness: The degree to
which the speech resembles a natural human voice, including accurate intonation, rhythm, and expressiveness. 3. Overall Quality: The
overall impression of the audio’s naturalness and coherence, considering how pleasant and lifelike it sounds.

Follow this step-by-step process for your evaluation: 1. Listen Carefully: Begin by carefully listening to both Audio 1 (the first audio)
and Audio 2 (the second audio). Take note of any differences in clarity, fidelity, and overall quality. 2. Analyze Each Criterion: For each
criterion (clarity, naturalness, and overall quality), evaluate how well each audio file performs and provide a brief explanation of your
reasoning. 3. Compare Thoroughly: Summarize the strengths and weaknesses of each audio file based on your analysis. 4. Decide the
Winner: Conclude by determining which audio file is better overall.

IMPORTANT: Respond in text only (do not include any audio output) and output valid JSON with exactly two keys: ’reasoning’ (a brief
explanation of your comparison) and ’label’ (a string value: ’1” if the first audio is better, 2’ if the second audio is better).

ChatbotArena-Spoken

Please act as an impartial judge and evaluate the quality of the responses provided by two Al assistants to the user question. You should
choose the assistant that follows the user’s instructions and answers the user’s question better.

Your evaluation should consider factors such as the helpfulness, relevance, accuracy, depth, creativity, and level of detail of their responses.
You should evaluate the responses based on the user question and not on the responses of the other assistant.

You should also not consider the quality of the audio or the voice of the assistants. You should only consider the content of the responses.
Avoid any position biases and ensure that the order in which the responses were presented does not influence your decision.

Do not allow the length of the responses to influence your evaluation. Do not favor certain names of the assistants. Be as objective as
possible.

IMPORTANT: Respond in text only (do not include any audio output) and output valid JSON with exactly two keys: ’reasoning’ (a detailed
chain-of-thought explanation of your evaluation process and decision) and ’label’ (a string value: *1” if the first audio is better, 2’ if the
second audio is better, or 'tie’ if they are equally good/bad. Please use "tie" sparingly, and only when you absolutely cannot choose the
winner.)

SpeakBench You are an evaluator of audio outputs produced by different audio-capable large language models. Your task is to compare two audio
responses (Audio 1 and Audio 2) generated according to a user’s instruction.
Evaluate based on these criteria: 1. Semantics: Does the content fulfill the user’s request accurately? 2. Paralinguistics: How well does the
speech match requested tone, emotion, style, pacing, and expressiveness?
Important: Do not favor verbalized descriptions of tone over actual tonal expression. A response that says "I am speaking excitedly" but
sounds flat should rank lower than one that genuinely sounds excited.
Follow this process: 1. Analyze the key characteristics requested in the user’s instruction 2. Evaluate how well Audio 1 performs on these
characteristics 3. Evaluate how well Audio 2 performs on these characteristics 4. Compare their strengths and weaknesses 5. Decide which
is better overall
Avoid position bias and don’t let response length influence your evaluation. After your analysis, output valid JSON with exactly two keys:
‘reasoning’ (your explanation of the comparison) and ’label’ (a string value: 1" if the first audio is better, ’2’ if the second audio is better, or
*tie” if they are equally good/bad. Please use "tie" sparingly, and only when you absolutely cannot choose the winner.)

Table 5: System prompts used for different datasets in LAM-as-a-Judge evaluation.

Dataset User Message

Pronunciation Please analyze these two recordings strictly for pronunciation details (phonemes, syllables, stress, emphasis). Ignore differences solely due
to accent. Respond ONLY in text and output valid JSON with keys 'reasoning” and 'match’ (boolean).

Speaker Identity Please analyze if these two recordings are from the same speaker. Respond ONLY in text and output valid JSON with keys 'reasoning’ and
’match’ (boolean).

Speaking Rate Please analyze which of the two recordings has faster speech. Respond ONLY in text and output valid JSON with keys 'reasoning’ and
’label’ (string, either 1’ or "2’).

Speech Quality Please analyze which of the two recordings is better (has better speech quality). Respond ONLY in text and output valid JSON with keys

(TMHINTQ, SOMOS,
ThaiMOS)

’reasoning’ and ’label’ (string, either "1’ or *2”).

ChatbotArena-Spoken

Please analyze which of the two recordings follows the instruction better, or tie, in terms of content of the responses. Respond ONLY in text
and output valid JSON with keys 'reasoning’ and ’label’ (string, ’1°, ’2’ or ’tie’).

SpeakBench

Please analyze which of the two recordings follows the instruction better, or tie. Respond ONLY in text and output valid JSON with keys
’reasoning’ and ’label’ (string, ’1’, 2’ or ’tie’).

Table 6: User messages used for different datasets in LAM-as-a-Judge evaluation.
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Judge Type

System Prompt

Lexical

You are an evaluator of audio outputs produced by different audio-capable large language models. Your task is to compare two audio
responses (Audio 1 and Audio 2) generated according to a user’s instruction. Focus EXCLUSIVELY on the lexical content (the actual
words and language used) and COMPLETELY IGNORE all of the following: pronunciation or enunciation of words, speaking style,
cadence, or rhythm, emotional tone or expressiveness, voice pitch, volume, or speed, accents or speech patterns, non-linguistic sounds or
effects, any other audio qualities. Evaluate based on these criteria ONLY: (1) Accuracy: Does the textual content correctly address what
was requested? (2) Completeness: Does the response include all the information needed to fulfill the request? (3) Organization: Is the
content structured in a clear, logical manner? (4) Language use: Is the vocabulary and phrasing appropriate for the task? IMPORTANT:
Even for tasks primarily focused on pronunciation, accents, or tones (like demonstrating Chinese tones), evaluate ONLY the textual content
as if you were reading a transcript. Do NOT consider how well the model actually pronounced anything. Follow this process: (1) Analyze
what information was requested in the user’s instruction (2) Evaluate Audio 1’s lexical content only (as if reading a transcript) (3) Evaluate
Audio 2’s lexical content only (as if reading a transcript) (4) Compare their strengths and weaknesses in terms of text content alone (5)
Decide which has better lexical content overall. Pretend you are evaluating written transcripts rather than audio, and focus solely on what
words were chosen. After your analysis, output valid JSON with exactly two keys: ‘reasoning’ (your explanation of the comparison) and
’label” (a string value: 1" if the first audio is better, *2” if the second audio is better, or ’tie’ if they are equally good/bad).

Paralinguistic

You are an evaluator of audio outputs produced by different audio-capable large language models. Your task is to compare two audio
responses (Audio 1 and Audio 2) generated according to a user’s instruction. Focus EXCLUSIVELY on paralinguistic features (how
things are said) and ignore the lexical content (what words are used). Evaluate based on these criteria: (1) Tone: Does the voice express
the appropriate emotion, mood, or attitude? (2) Prosody: How well does the response use rhythm, stress, intonation, and pacing? (3)
Expressiveness: Does the voice convey emphasis, contrast, and nuance appropriately? (4) Accent/Pronunciation: If requested, how well
does the response match the requested accent or pronunciation pattern? For tasks involving demonstration of tones, accents or specific
speech patterns (like Chinese tones), focus entirely on how well these specific paralinguistic features were executed. Follow this process:
(1) Analyze what paralinguistic features were requested in the user’s instruction (2) Evaluate Audio 1’s paralinguistic features only (3)
Evaluate Audio 2’s paralinguistic features only (4) Compare their strengths and weaknesses in paralinguistic execution (5) Decide which
has better paralinguistic features overall. After your analysis, output valid JSON with exactly two keys: 'reasoning’ (your explanation of the
comparison) and ’label’ (a string value: *1” if the first audio is better, "2’ if the second audio is better, or ’tie’ if they are equally good/bad).

Speech Quality

You are an evaluator of audio outputs produced by different audio-capable large language models. Your task is to compare two audio
responses (Audio 1 and Audio 2) generated according to a user’s instruction. Focus EXCLUSIVELY on technical speech quality aspects
and ignore both content and expressive features. Evaluate based on these criteria: (1) Clarity: How clear and intelligible is the speech? (2)
Naturalness: How natural does the voice sound (vs robotic or artificial)? (3) Fluency: Is the speech smooth with appropriate pauses, or are
there unnatural breaks, stutters, or glitches? (4) Pronunciation: Are words pronounced correctly (regardless of accent)? (5) Audio quality:
Is the speech free from distortions, artifacts, or background noise? Follow this process: (1) Analyze what speech quality features might be
relevant to the user’s instruction (2) Evaluate Audio 1’s speech quality features only (3) Evaluate Audio 2’s speech quality features only (4)
Compare their strengths and weaknesses in speech quality (5) Decide which has better speech quality overall. After your analysis, output
valid JSON with exactly two keys: ’reasoning’ (your explanation of the comparison) and ’label’ (a string value: *1” if the first audio is
better, "2’ if the second audio is better, or 'tie” if they are equally good/bad).

Table 7: System prompts for the three specialized judges in the multi-aspect ensemble approach. Each judge focuses
on a specific evaluation dimension while explicitly ignoring others to ensure specialized assessment.

SYSTEM-LEVEL NO CONCATENATION SYSTEM-LEVEL PAIR EXAMPLE CON-

User:

User:

System Prompt: {system prompt}
Here is the instruction for this example:
{Example 1 - Instruction Audio}

Here is the first audio clip:
{Example 1 - Audio 1}

Here is the second audio clip: q .
Assistant: {"label”: "1"/"2"/"tie"
{Example 1 - Audio 2} ¢ HF

{user message}

Assistant: {"label”: "1"/"2"/"tie"}
... (additional examples)

Here is the instruction for this test:
{Test - Instruction Audio}

Here is the first audio clip:
{Test - Audio 1}

Here is the second audio clip:
{Test - Audio 2}

{user message}

CATENATION

System Prompt: {system prompt}

User:

Please analyze these audio clips:

{Concatenated Example 1 - Instruction, Audio 1, Audio 2}

{user message}

... (additional examples)
User:
Here is the instruction for this test:

{Test - Instruction Audio}

Here is the first audio clip:
{Test - Audio 1}

Here is the second audio clip:
{Test - Audio 2}

{user message}

Figure 13: System-level Pair Example Concatenation

Figure 12: System-level No Concatenation method:

method: Example instruction and response audios are
concatenated into a single file, while test files remain
separate.

Each example includes an instruction audio followed by
two response audios that are presented separately.

forms through two input branches: one applies
a Short-Time Fourier Transform and learnable

Whisper to extract features, MOSANET+ can filter banks (LFB), merging the resulting power
assess multiple aspects. It processes wave- spectral and LFB features before passing them to
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SYSTEM-LEVEL EXAMPLES CONCATENA-
TION

System Prompt: {system prompt}

User:
Here are some examples for reference:
{Concatenated all examples - Instructions and Audios

with signals between them}

Examples information:
Example 1: Label: "1"/"2"/"tie”
... (additional examples)

Assistant: I understand these examples. I’1l apply this
understanding to analyze the new audio clips you provide.

User:
Here is the instruction for this test:

{Test - Instruction Audio}

Here is the first audio clip:
{Test - Audio 1}

Here is the second audio clip:
{Test - Audio 2}

{user message}

Figure 14: System-level Examples Concatenation
method: All example instructions and response audios
are stitched into one long waveform, while test files
remain separate.

SYSTEM-LEVEL TEST CONCATENATION

System Prompt: {system prompt}
User:
Here is the instruction for this example:

{Example 1 - Instruction Audio}

Here is the first audio clip:
{Example 1 - Audio 1}

Here is the second audio clip:
{Example 1 - Audio 2}

{user message}

Assistant: {"label”: "1"/"2"/"tie"}
... (additional examples)

User:

Please analyze these audio clips:

{Concatenated Test - Instruction, Audio 1, Audio 2}

{user message}

Figure 15: System-level Test Concatenation method:
Examples remain separate, but test instruction and re-
sponse audios are concatenated.

a convolutional layer. The model was trained on
TMHINT.

* SALMONN-fine-tuned (Wang et al., 2025b),
the SALMONN model fine-tuned to predict
MOS ratings, speaker similarity and A/B test-
ing results using NISQA, BVCC, SOMOS, and
VoxSim datasets using their training splits.

SYSTEM-LEVEL FULL CONCATENATION

System Prompt: {system prompt}

User:
Here are some examples for reference:
{Concatenated all examples - Instructions and Audios

with signals between them}

Examples information:
Example 1: Label: "1"/"2"/"tie"
... (additional examples)

Assistant: I understand these examples. I’11 apply this
understanding to analyze the new audio clips you provide.

User:
Please analyze these audio clips:

{Concatenated Test - Instruction, Audio 1, Audio 2}

{user message}

Figure 16: System-level Full Concatenation method:
All example instructions and response audios are ag-
gregated into one file, and test instruction and response
files are also concatenated.

D Application to Speech-in Speech-out
System Ranking

To demonstrate practical applicability, we use our
best-performing configuration (Gemini-2.5-Flash
with 0-shot Multi-Aspect Ensemble) to rank 13
speech-in speech-out systems on SpeakBench. Fol-
lowing AlpacaEval methodology (Li et al., 2023),
we compute automated win rates against GPT-4o-
Audio as a reference baseline. Table 8 shows the
automated and human win rates for systems.

System Auto (%) Human (%)
GPT-40-Audio 50.00 80.25
Gemini-2.0-Flash 48.77 75.66
GPT-40-Audio+ASR+TTS 41.05 67.31
Gemini-2.0-Flash-Text+TTS 42.59 59.48
GPT-40-Text+TTS 41.98 57.69
Gemini-2.0-Flash+ASR+TTS 37.65 56.63
ASR+Llama3+TTS 42.90 56.35
DIVA+TTS 25.00 54.73
Qwen2-Audio+TTS 19.75 47.22
Llama-Omni 10.80 36.76
Typhoon2-Audio+TTS 21.30 32.94
Typhoon2-Audio 3.70 20.59
Moshi 0.31 11.90

Table 8: Speech-in Speech-out System Ranking: Com-
parison of automated and human-assessed win rates
using Multi-Aspect Ensemble (Gemini-2.5-Flash). Sys-
tems are ranked by human preference scores. Spearman
correlation p = 0.91.

The automated ranking reveals interesting pat-
terns in current speech-in speech-out capabilities.
End-to-end speech systems show a clear divide:
proprietary models like GPT-40-Audio (50% base-
line) and Gemini-2.0-Flash (48%) demonstrate so-
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phisticated native speech capabilities, while open-
source alternatives like Moshi (0%), Typhoon2-
Audio (3%), and Llama-Omni (11%) struggle with
fundamental instruction understanding and speech
quality.

Notably, well-engineered cascaded systems
such as ASR+Llama3+TTS (42%) and GPT-40-
Text+TTS (41%) achieve surprisingly competitive
performance through strong instruction following
and content generation. This suggests that the par-
alinguistic advantage of end-to-end models may be
smaller than anticipated for many practical appli-
cations, while also demonstrating that AudioJudge
can reliably distinguish between different system
architectures and capabilities.

E Pointwise Experiment

While our main experiments focus on pairwise com-
parison, we also investigate pointwise evaluation
where AudioJudge assigns absolute scores to in-
dividual audio samples. We conduct this analysis
specifically on speech quality datasets (SOMOS,
TMHINTQ, and ThaiMOS) since they provide fine-
grained Mean Opinion Score (MOS) annotations
that enable meaningful comparison with continu-
ous numerical predictions.

E.1 Experimental Setup

In the pointwise evaluation setup, AudioJudge eval-
uates each audio sample independently on a scale
of 1 to 5, mirroring the original MOS annotation
process. We prompt the model using chain-of-
thought reasoning, asking it to assess speech quality
factors such as clarity, naturalness, and intelligibil-
ity before providing a numerical score.

To enable comparison with our pairwise results,
we convert pointwise scores to pairwise preferences
using the following protocol:

e If audio A receives a higher score than audio B,
we consider the model prediction to favor audio
A.

* If audio B scores higher than audio A, the model
prediction favors audio B.

* If both audios receive identical scores, we con-
sider this a tie prediction and assign 0.5 accuracy.

We evaluate three configurations: (1) O-shot
baseline, (2) 4-shot with separate audio examples
(No Concatenation), and (3) 4-shot with aggregated
audio examples (following our concatenation strat-
egy from Section 3).

E.2 Results and Analysis

Table 9 presents the pairwise comparison accu-
racy derived from pointwise scores, while Table 10
shows the Mean Square Error (MSE) between pre-
dicted and ground-truth MOS scores.

Setup SOMOS TMQ ThaiMOS
PointW-0Oshot 52.8 46.5 51.5
PointW-4shot 50.3 51.8 553
PointW-4shot-Concat 55.3 59.3 53.5
PairW-0Oshot 70.5 70.5 65.5

Table 9: Comparison of pointwise versus pairwise eval-
uation accuracy. PointW = pointwise evaluation con-
verted to pairwise preferences; PairW = direct pairwise
evaluation for reference; Concat = Full Concatenation
method.

Setup SOM TMQ ThaiMOS
PointW-0shot 3.31 3.40 3.19
PointW-4shot 3.60 3.46 3.12

PointW-4shot-Concat ~ 2.81 1.80 2.55

Table 10: Mean Square Error (MSE) between predicted
and ground-truth MOS scores in pointwise evaluation.

Several key findings emerge from the pointwise
evaluation:

Pairwise Evaluation Superiority Direct pair-
wise comparison substantially outperforms point-
wise evaluation converted to pairwise preferences
across all datasets. Even the strongest pointwise
configuration (4-shot Full Concatenation) achieves
only 55-59% accuracy compared to 65-70% for
direct pairwise evaluation. This performance gap
likely stems from the inherent difficulty of absolute
scoring: pairwise comparison simplifies the task
to relative judgment between two samples, while
pointwise evaluation requires mapping audio qual-
ity to specific numerical values.

Audio Concatenation Benefits Consistent with
our pairwise findings, audio concatenation (4-shot
Full Concatenation) improves pointwise perfor-
mance over in-context learning with no audio con-
catenation. The MSE improvements are particu-
larly notable for TMHINTQ (3.46 — 1.80) and
SOMOS (3.31 — 2.81), indicating that concate-
nated examples help LAMs better calibrate their
scoring scales.

Limited Absolute Scoring Capability The high
MSE values (1.80-3.60) suggest that current LAMs
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struggle with precise numerical scoring of speech
quality. This difficulty in producing well-calibrated
absolute scores reinforces our focus on pairwise
evaluation for practical AudioJudge applications.

F Cross-Modality Consistency for Lexical
Content Evaluation

Given that LAMs can process both text and audio
inputs, a fundamental question arises: how consis-
tent are their judgments across different input and
output modalities? To investigate this, we conduct
a systematic analysis using ChatbotArena-Spoken
with all 7.8K datapoints, which provides a con-
trolled setting where the same content is available
in both text and audio formats. We examine three
key aspects:

* How consistent are LAM judgments when the
same content is presented in different input
modalities?

* Does the choice of output modality (text vs. au-
dio) affect evaluation performance?

* How does direct AudioJudge compare to tradi-
tional cascaded ASR+LLM approaches for lexi-
cal content evaluation?

F.1 Experimental Setup

We evaluate multiple LAMs across different input-
output modality combinations:

» Text — Text: Original text input with text output
(baseline)

* Audio — Text: Audio input with text output
(standard AudioJudge)

* Audio — Audio: Audio input with audio output
(full audio pipeline)

* ASR — Text: Cascaded approach using Whisper-
base ASR (Radford et al., 2023) followed by text-
based LLM judgment

F.2 Results and Analysis

Table 11 reveals several key findings:

Open-Source vs. Proprietary Models Open-
source models (Qwen2-Audio, Typhoon2-Audio)
show significant performance degradation when
moving from text to audio inputs, with accuracy
dropping substantially. Audio-to-audio evaluation
performs particularly poorly, with accuracy near
random chance. In contrast, proprietary models
(Gemini series, GPT-40-Audio) demonstrate re-
markable consistency across modalities, maintain-
ing high performance regardless of input type.

Model Input Output Acc. Corr
Text Text 349 0.648

Qwen2-Audio Audio  Text 329 0.615
Audio  Audio 6.0 0.095

Text Text 444  0.758

Typhoon2-Audio  Audio Text 429 0.668
Audio  Audio 10.0 -0.328

Text Text 52.3  0.961

.. Audio  Text 52.1 0.970
Gemini-1.>-Flash 4\ 4i  Audio 486  0.949
ASR Text 479  0.895

Text Text 55.8 0971

. Audio  Text 55.0 0.956
Gemini-2.0-Flash 4\ 4iy  Audio 513 0.961
ASR Text 51.8  0.932

Text Text 56.8 0974

. Audio  Text 56.1 0973
Gemini-2.5>-Flash 4\ 4io  Audio 563 0.977
ASR Text 53.1  0.920

Text Text 573 0976

. Audio  Text 556 0973
GPT-do-Audio 4\ 4o Audio 533 0.974
ASR Text 53.0 0974

Table 11: Cross-modality consistency analysis on
ChatbotArena-Spoken for lexical content evaluation.
Acc = 3-way classification accuracy (random guess =
33%); Corr = Spearman correlation with human judg-
ments. ASR refers to cascaded Whisper-base + LLM
approach.

Output Modality Impact For proprietary mod-
els, the choice between text and audio output has
minimal impact on performance when the input is
audio. Gemini-2.5-Flash shows virtually no per-
formance difference between audio—text and au-
dio—audio configurations, while GPT-40-Audio
exhibits only a small, though statistically signifi-
cant, drop in accuracy.

LAM vs. Cascaded Approach Comparing di-
rect audio evaluation (Audio—Text) with the cas-
caded ASR+LLM approach reveals that Audio-
Judge either significantly outperforms or matches
the cascaded method. For Gemini-1.5/2.5, direct
audio evaluation yields significantly better perfor-
mance (p<0.05), while for Gemini-2.0 and GPT-
40-Audio, the differences are not statistically sig-
nificant. This suggests that end-to-end LAM evalu-
ation can effectively replace cascaded approaches
for lexical content assessment.

Implications These results highlight a clear di-
vide between open-source and proprietary LAMs
in terms of audio understanding capabilities. The
strong cross-modality consistency of proprietary
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models validates the effectiveness of AudioJudge
for lexical content evaluation, while the compet-
itive performance against cascaded approaches
demonstrates that direct audio processing can be as
effective as traditional ASR-based pipelines. Given
the poor performance of open-source models on
audio inputs, subsequent experiments focus exclu-
sively on proprietary LAMs.

G Positional Bias and Task Difficulty

To better understand the relationship between task
difficulty and positional bias (the percentage of
cases where GPT-40-Audio switches it’s preference
based on the position of each audio), we leverage
SOMOS’s MOS annotations to group evaluation
pairs based on their MOS differences. Figure 17
demonstrates that pairs with larger MOS differ-
ences (easier discrimination tasks) exhibit lower
positional bias, while pairs with smaller MOS dif-
ferences (harder tasks) show higher positional bias.
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Figure 17: Relationship between task difficulty and
positional bias on SOMOS. As MOS difference in-
creases (indicating larger quality distinctions), both ac-
curacy and consistency improve, while positional bias
decreases.

This finding reveals a strong correlation between
task difficulty and bias magnitude—model relies
more on positional cues and less on actual quality
when making difficult discriminations. The pro-
nounced positional bias in non-lexical tasks com-
pared to lexical content evaluation (up to 32% vs
under 15% respectively) suggests that non-lexical
judgments are more challenging for current LAMs.
When discrimination becomes difficult, models in-
creasingly rely on positional cues as a decision
heuristic, with challenging audio pairs showing sub-
stantially higher rates of position-dependent rather
than content-dependent judgments.

H Model Specifications

This section provides the exact model identifiers
and versions used in our experiments to ensure
reproducibility.

¢ GPT-40-Audio:
gpt-4o-audio-preview-2024-12-17

¢ Gemini-2.5-Flash:
gemini-2.5-flash-preview-04-17

¢ Gemini-2.0-Flash: gemini-2.0-flash-001

¢ Gemini-1.5-Flash: gemini-1.5-flash-002

I Supplementary results
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Figure 18: AudioJudge (Full Concatenation 4-shot con-
figuration with GPT-40) predictions and human prefer-
ences on ChatbotArena-Spoken. This is complementary
to SpeakBench results in Figure 2.
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