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Abstract

Recent advancements in large language mod-
els (LLMs) like GPT-4o have enabled real-
time speech interactions through LLM-based
voice assistants, offering an improved user
experience over text-based interactions. How-
ever, a suitable benchmark to rigorously
evaluate such speech interactions systems is
currently lacking. To bridge this gap, we
introduce VoiceBench, the first benchmark
specifically designed to assess LLM-based
voice assistants. VoiceBench comprises 6,783
synthetic and real spoken instructions recorded
from diverse speakers across eight distinct
tasks. These instructions are meticulously
crafted to assess three crucial capability areas:
general knowledge, instruction-following, and
safety compliance. Furthermore, VoiceBench
systematically incorporates realistic variations
common in spoken interactions, including
differences in speaker characteristics (e.g.,
accents), heterogeneous environmental con-
ditions (e.g., reverberation), and content com-
plexities such as mispronunciations. Extensive
experiments reveal the limitations of current
LLM-based voice assistant models and offer
valuable insights for future research and
development in this field.1

1 Introduction

Advancements in large language models (LLMs)
have led to remarkable breakthroughs across a
wide range of natural language processing (NLP)
tasks. Recently, LLMs have further expanded
their capabilities by incorporating multi-modal

∗Corresponding author.
¶Equal contribution.
1Code and data are available at github.com

/MatthewCYM/VoiceBench.

processing abilities, such as vision (Liu et al.,
2024; Chen et al., 2024c) and audio (Chu et al.,
2023; Zhang et al., 2023; Yue et al., 2025; Jiang
et al., 2024). Notably, voice assistants powered
by audio-based LLMs, e.g., GPT-4o, have gar-
nered significant research interest (Défossez et al.,
2024; Li et al., 2024a). These voice assistants are
designed to understand and respond to spoken
instructions, enabling more natural, flexible, and
high-quality speech interactions compared to tra-
ditional text-based systems. This advancement has
the potential to significantly improve user expe-
riences across various applications, e.g., virtual
customer service.

Despite the promising potential of LLM-based
voice assistants, the absence of a standardized
benchmark for evaluating these systems limits
a comprehensive understanding of their perfor-
mance and areas for improvement. Current eval-
uations predominantly focus on automatic speech
recognition (ASR) (Chen et al., 2025a; Xie and
Wu, 2024a,b) or spoken question answering tasks
synthesized with text-to-speech (TTS) models
(Fang et al., 2025; Fu et al., 2024a). While infor-
mative, this narrow scope falls short of offering
a holistic, fine-grained, and reliable assessment
of model capabilities. Furthermore, the transition
from text-based to speech-based interactions in-
troduces several real-world challenges, as speaker
characteristics (Krause and Braida, 2004), envi-
ronmental factors (Meyer et al., 2013), and the
complexity of spoken contents (Shriberg, 1994),
affect human perception and pose significant dif-
ficulties for machine speech processing (Li et al.,
2014; Kollmeier et al., 2008). Current evalua-
tions, which mostly rely on clean speeches, fail
to evaluate whether models are truly attending to
real-world complexities adequately.
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To address this gap, we introduce VoiceBench,
which provides a comprehensive evaluation
framework for LLM-based voice assistants.
VoiceBench evaluates the capabilities of voice
assistants across three key dimensions: gen-
eral knowledge (understanding and reasoning),
instruction-following abilities, and safety compli-
ance, using both synthetic and real spoken in-
structions recorded from diverse multi-accented
speakers. To comprehensively represent real-
world variations, VoiceBench uniquely integrates
challenging testing cases across distinct speaker,
environment, and content variations. Specifi-
cally, we leverage advanced TTS and voice
cloning models to generate synthetic spoken in-
structions with diverse speaker properties, in-
cluding fine-grained variations in age, accent, and
pitch. We propose to simulate a range of real-
world environmental effects, including rever-
beration, compression, noise, and clipping, to
evaluate model robustness under diverse en-
vironments. Lastly, we employ state-of-the-art
LLMs to synthesize instructions that replicate
content variations common in spoken language,
including grammar errors, mispronunciations, and
disfluencies.

Subsequently, we conduct an extensive eval-
uation of state-of-the-art voice assistants. Our
results expose limitations of existing evaluation
protocols, which rely heavily on ASR or syn-
thetic data, thereby underscoring the unique value
of VoiceBench. We also identify a substantial
performance gap between end-to-end voice assis-
tants and traditional pipeline models that couple
an ASR system with an LLM. Although vari-
ous voice assistants exhibit a certain degree of
robustness, our analysis reveals that the speech
encoder plays a decisive role: Weaker encoders
render models highly vulnerable to input varia-
tions. Among the examined factors, novel accents,
environmental variations, and mispronunciations
have a comparatively stronger impact on per-
formance. Notably, pipeline models demonstrate
greater resilience to input variations compared
to end-to-end systems, highlighting the pressing
need for further advancements in end-to-end voice
assistants.

Our major contributions include:

• Novel benchmark: We present the first
comprehensive benchmark, VoiceBench, de-
signed to evaluate the multi-faceted capabili-

ties of LLM-based voice assistants, includ-
ing general knowledge, instruction-following
skills, and safety measures.

• Real-world scenarios: We investigate the
impact of various real-world factors on
the performance of voice assistants, encom-
passing speaker, environmental, and content
variations.

• Comprehensive evaluation: We conduct
an in-depth evaluation of existing voice
assistants, identifying current weaknesses
and providing directions for future im-
provements.

2 Background

2.1 AudioLLM
A common approach to augment LLMs with
speech understanding capabilities is to implement
pipeline models that first transcribe users’ speech
into text via ASR systems. The transcribed text
is then passed to LLMs to generate responses.
However, it has been argued that pipeline models
may lose important information during the tran-
scription process and often suffer from reduced
efficiency (Fang et al., 2025; Xie and Wu, 2024a).
To overcome these limitations, various end-to-end
audio LLMs have been developed (Chu et al.,
2024; Tang et al., 2024), which integrate speech
encoders with LLMs via speech adapters (Fang
et al., 2025; Xie and Wu, 2024a), enabling fully
optimized end-to-end speech processing. Build-
ing on these audio LLMs, two main applications
have emerged: audio analysis and voice assis-
tants. Early explorations of AudioLLM primarily
focused on audio analysis tasks, where models
were designed to interpret given audio contexts
and respond to text-based instructions (Gong et al.,
2024; Chu et al., 2023). More recently, inspired
by the success of GPT-4o, numerous LLM-based
voice assistants have been developed to directly
answer spoken queries, eliminating the need for
explicit textual instructions (Held et al., 2025; Fu
et al., 2024a; Chen et al., 2025a; Li et al., 2024a).

2.2 Voice Assistant Evaluation
While several established benchmarks exist for
evaluating AudioLLMs (Yang et al., 2024; Chen
et al., 2024a), these primarily focus on audio
analysis tasks. Currently, no standardized bench-
mark explicitly targets the evaluation of voice
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Model Case Study ASR Basic SQA

LLaMA-Omni � � �
Mini-Omni � �
Mini-Omni2 � �
Qwen2-Audio � �
VITA �
Moshi � � �
Baichuan-Omni �
EMOVA �
DiVA � �

Table 1: The evaluation methods of existing
LLM-based voice assistants.

assistants, complicating fair comparisons across
different models. Table 1 presents a summary of
various voice assistants and their evaluation tasks.
Existing evaluations of voice assistants have pre-
dominantly relied on qualitative case studies and
ASR tasks (Fu et al., 2024a; Chen et al., 2025a;
Xie and Wu, 2024b; Défossez et al., 2024; Li et al.,
2024a). However, since voice assistants are fun-
damentally designed to understand and respond
effectively to spoken queries, relying primarily on
ASR performance creates a substantial evaluation
gap. Furthermore, qualitative case studies alone
do not provide a comprehensive and quantifiable
assessment of model capabilities.

Although some studies utilize spoken question-
answering (SQA) datasets to evaluate voice assis-
tants (Fang et al., 2025; Défossez et al., 2024),
these datasets are typically small-scale and lim-
ited to clean, synthetic speech samples, thereby
neglecting the complexity and variability of
real-world speech signals. For example, LLaMA-
Omni (Fang et al., 2025) is assessed using only
199 synthetic speech queries from AlpacaEval.
Similarly, Moshi (Défossez et al., 2024) focuses
exclusively on clean synthetic speech inputs. Crit-
ically, these queries predominantly assess basic,
general knowledge capabilities that modern large
language models (LLMs) can easily manage. Con-
sequently, existing datasets fail to thoroughly
evaluate the genuine understanding and response
capabilities of voice assistants, making it chal-
lenging to accurately track advancements in newer
models.

In contrast, text-based LLM benchmarking
not only assesses models’ general knowledge
(Myrzakhan et al., 2024), but also their profi-
ciency in instruction-following (Zhou et al., 2023;

Zeng et al., 2024) and their ability to generate
safe and harmless responses (Ji et al., 2024;
Liu et al., 2023). Moreover, as LLMs advance,
increasingly challenging benchmarks have been
developed to better reflect model performance
distinctions (Wang et al., 2024b; Chen et al.,
2025b; Jiang et al., 2025). Inspired by these de-
velopments, we introduce VoiceBench, the first
comprehensive benchmark specifically designed
to evaluate voice assistants. Unlike prior eval-
uations, VoiceBench directly assesses voice as-
sistants across three critical dimensions: general
knowledge, instruction-following capabilities, and
safety. Furthermore, it incorporates recent and
challenging datasets designed to discriminate
among advanced models. To ensure realistic
evaluation scenarios, VoiceBench includes ac-
tual human spoken queries and simulates diverse
speech variations, such as perturbed speech
in different environmental contexts, distinctive
speaker characteristics, and speech containing
content-related noise.

3 VoiceBench

3.1 Overview

VoiceBench is designed to focus on the fun-
damental aspect of voice assistant capabilities,
which is accurately understanding and respond-
ing to the user’s spoken contents. Figure 1 pres-
ents an overview of the proposed VoiceBench,
which consists of two main components. First, we
assess the capability of voice assistants by con-
structing spoken instruction datasets that cover
various dimensions, including general knowledge,
instruction-following tasks, and safety consid-
erations. Second, although there is extensive
research on model robustness across different
domains (Gao et al., 2024, 2025a; Chen et al.,
2023, 2024b), the robustness of voice assistants
has not been systematically studied. Therefore,
given the inherent variability in speech, we eval-
uate the robustness and generalization of voice
assistants across different conditions. These varia-
tions encompass speaker-related differences (e.g.,
age-varied speech), environmental factors (e.g.,
background noise), and content-related variations
(e.g., disfluencies in speech). In this section,
we provide details on the construction process
of spoken instructions. We present the analyses
of speaker variation in Section 4, environment
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Figure 1: Overview of the proposed VoiceBench framework. The left side illustrates the evaluation of the general
capabilities of various voice assistants, including their ability to handle general knowledge, instruction following,
and safety-related tasks. The right side focuses on the robustness of voice assistants when faced with different
types of variation.

variation in Section 5, and content variation in
Section 6.

3.2 Dataset Construction
Text Instructions: To evaluate the general
knowledge of voice assistants, we design four
question formats: open-ended QA, reference-
based QA, reasoning QA, and multiple-choice
QA. For open-ended QA, we use two data-
sets: AlpacaEval and CommonEval. Following
LLaMA-Omni (Fang et al., 2025), we exclude
mathematics and coding instructions from
AlpacaEval (Li et al., 2023), as such tasks are
difficult to convey through speech. CommonEval
questions are manually curated from Common-
Voice (Ardila et al., 2020), containing recordings
from diverse speakers in real-world conditions
using personal devices. For reference-based QA,
model responses are evaluated against human-
written references. We adopt SD-QA (Faisal et al.,
2021), which includes spoken questions with
varied accents, originally derived from TyDi-
QA (Clark et al., 2020). Originally, these ques-
tions required context passages for answers. Since
providing lengthy context passages is impractical
in voice interactions, we present only the spoken
questions and require assistants to answer using
internal knowledge. Some questions, such as
‘‘How many people live in Dallas?’’, depend on
frequently changing information and cannot be
answered without external context. We ensure
fairness by retaining only questions answerable
from internal knowledge, verified by prompting
three advanced LLMs, Claude-3.5 (claude-
3-5-sonnet@20240620) (Anthropic, 2024),
Gemini-1.5-Pro (gemini-1.5- pro-002)
(Reid et al., 2024), and GPT-4o (gpt-4o-2024

-08-06) (Achiam et al., 2023), and selecting
questions correctly answered by at least one
model. For reasoning QA, voice assistants must
demonstrate reasoning capabilities to reach the
correct answers. Instructions are sourced from
BBH (Suzgun et al., 2023), specifically from
shorter tasks: Hyperbaton, Sports Understanding,
Web of Lies, and Navigate. In multiple-choice
QA, we create two datasets: OBQA (Mihaylov
et al., 2018) and MMSU, derived from MMLU-
Pro (Wang et al., 2024b). To accommodate audio
length constraints common among voice assis-
tants, we randomly select four options for MMSU
and exclude math and computer science cate-
gories, which are difficult to convey through
speech. To evaluate instruction-following abili-
ties, we employ the IFEval dataset (Zhou et al.,
2023), where models must answer in a specified
format. We retain only samples containing fewer
than 50 words and exclude instructions unsuited
for speech. Finally, to assess safety, we use
AdvBench (Zou et al., 2023), a dataset of prompts
designed to elicit harmful responses. Safe voice
assistants are expected to refuse such instructions.

It is important to note that our evaluation fo-
cuses on the textual responses of voice assistants
(see Section 3.3). In curating text instructions,
we exclude those that cannot be easily expressed
in speech, while still including instructions that
may yield responses difficult to express in spoken
form, such as markdown outputs. The filtering is
conducted by three human experts. Examples of
excluded and included instructions are provided
in Appendix C.

Speech Instructions: Human spoken instruc-
tions are already provided for CommonEval and
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SD-QA. For BBH, we collect spoken instructions
via Amazon Mechanical Turk.2 However, gen-
erating real spoken instructions is prohibitively
expensive, limiting comprehensive evaluation of
voice assistants using real speech alone. There-
fore, inspired by recent advancements in TTS
(Gao et al., 2025b,c,d), we propose to convert
remaining text-based instructions into speech pri-
marily through advanced TTS models. Certain
text elements, such as special characters, pose
pronunciation challenges current TTS models. To
address this, we first normalize the text into a
format suitable for spoken delivery. Inspired by
the strong performance of LLMs in text normal-
ization for TTS (Zhang et al., 2024b), we employ
GPT-4o with a carefully designed prompt (de-
tailed in Appendix A). Following normalization,
we generate synthetic speech using the Google
TTS API,3 selected due to its high-quality output
and absence from the training data of evaluated
voice assistants. Importantly, our evaluation re-
veals consistent performance rankings of voice
assistants across synthetic speech from different
TTS systems, affirming the reliability of using
Google TTS-generated data. Lastly, we manu-
ally verify the correctness of generated spoken
instructions, revising text inputs when necessary.
To accommodate audio processing constraints in-
herent in various voice assistants (Chu et al.,
2024; Held et al., 2025), spoken instructions in
VoiceBench are limited to a maximum duration
of 30 seconds.

Data Statistics: The data statistics of pro-
posed VoiceBench is summarized in Table 2.
VoiceBench contains mostly short instructions,
but also relatively longer instructions, challenging
the voice assistants’ ability to understand long in-
structions. These datasets are designed to evaluate
the multi-faceted capabilities of voice assistants.
We present the evaluation results on the full Al-
pacaEval in Section 3. For all other experiments,
we follow LLaMA-Omni (Fang et al., 2025) to
use the helpful base and vicuna subsets only.

3.3 Experiment Setup

Examined Models: We evaluate various end-
to-end voice assistants on the proposed Voice-

2www.mturk.com.
3cloud.google.com/speech-to-text.

# Samples # Words Audio Len (s) Real Type

AlpacaEval 636 18.88 6.88 Open
AlpacaEval∗ 199 16.32 5.67 Open
CommonEval 200 8.06 4.83 � QA
SD-QA 553 6.96 4.73 � Open
OBQA 455 44.28 18.89 MCQ
MMSU 3074 53.16 23.61 MCQ
BBH 1000 51.16 22.36 � Reasoning

IFEval 345 31.08 11.45 IF

AdvBench 520 12.10 4.84 Safety

Total 6783 39.68 17.39

Table 2: Data statistics of VoiceBench. Alpaca-
Eval∗ includes helpful base and vicuna subsets.
We report the average text and audio length.
Block 1: general knowledge; Block 2: instruction
following; Block 3: safety.

Speech Encoder Base LLM

Naive Whisper-large-v3 LLaMA-3.1-8B-Instruct
Naive-4o Whisper-large-v3 GPT-4o
DiVA Whisper-large-v3 LLaMA-3-8B
LLaMA-Omni Whisper-large-v3 LLaMA-3.1-8B-Instruct
Mini-Omni Whisper-small Qwen2-0.5B
Mini-Omni2 Whisper-small-v3 Qwen2-0.5B
Qwen2-Audio Whisper-large-v3 Qwen-7B
VITA CNN+Transformer Mixtral-8×7B-v0.1
Moshi Mimi Helium

Table 3: Model architecture of evaluated voice
assistants.

Bench, including Qwen2-Audio (Chu et al., 2024),
LLaMA-Omni (Fang et al., 2025), Mini-Omni
(Xie and Wu, 2024a), Mini-Omni2 (Xie and Wu,
2024b), VITA (Fu et al., 2024a), Moshi (Défossez
et al., 2024), and DiVA (Held et al., 2025). Ad-
ditionally, we build two naive voice assistant
pipelines, where an automatic speech recognizer
transcribes the input speech query into text, and
a text-only LLM generates a response based on
the transcribed query. Finally, we include pro-
prietary GPT-4o-Audio in the evaluation. The
architectures of the evaluated voice assistants are
summarized in Table 3.

Evaluation Metrics: Since the focus of this
work is to assess the quality of output content,
and not all voice assistants support speech output,
we directly assess the quality of text responses
instead of speech output or speech transcription
quality. This approach ensures broad applicabil-
ity and avoids potential biases that could arise
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from speech transcription processes. Given the
effectiveness of the LLM-as-a-Judge paradigm
in assessing model-generated content (Fu et al.,
2024b), we leverage LLMs to automatically eval-
uate various open-ended generation tasks. For both
AlpacaEval and CommonEval open-ended ques-
tion answering tasks, we use GPT to assign a score
between 1 and 5 to the generated responses based
on the ground-truth instructions. For SD-QA,
where human-labeled reference answers are avail-
able, we calculate the accuracy of the generated
responses. Following DiVA (Held et al., 2025), we
employ two methods: PANDA (Li et al., 2024b),
and automatic GPT evaluation, to determine the
correctness of the SD-QA responses. Both ap-
proaches have demonstrated strong correlation
with human judgments (Li et al., 2024b). Aver-
age of two accuracies are reported. For OBQA
and MMSU, we use a rule-based method to ex-
tract the answer option (i.e., A, B, C, or D) from
the model’s responses and calculate the accuracy
based on these extracted answers. For IFEval,
we follow the original rule-based implementation
(Zhou et al., 2023) to calculate the loose and strict
accuracy at the prompt and instruction level and
report the average of the four accuracies. For Ad-
vBench, we use the refusal rate as a measure of
the safety of voice assistants, with a higher refusal
rate indicating a safer assistant. Following previ-
ous LLM safety literature (Xu et al., 2024; Zou
et al., 2023), we determine refusal status based on
the presence of predefined refusal phrases (e.g.,
‘‘Sorry, I cannot...’’) in the generated responses.
For all evaluations based on GPT, we utilize
GPT-4o-mini (gpt-4o-mini-2024-07-18).
Detailed GPT evaluation prompts can be found
in Appendix B. We also provide human val-
idation results of GPT evaluation. Finally, we
report the overall score, calculated as the aver-
age of the individual task scores. For AlpacaEval
and CommonEval, which have a maximum score
of 5, we scale the results by multiplying them
by 20 to normalize the scores to a 100-point
scale. For IFEval and SD-QA, which provide
two metric scores, we compute the task score
as the average of these two metrics. To under-
stand the gap between text and speech processing
capabilities of voice assistants, we consider two
settings: one where assistants generate responses
based on ground-truth text-form instructions,
and another where they respond to speech-form
instructions.

3.4 Results

The results of the VoiceBench evaluation are
summarized in Table 4, leading to several key
findings.

Pipelines Outperform E2E Models: Both
naive pipeline-based voice assistant significantly
outperforms all enen-source end-to-end models on
spoken instructions, with a large margin exceed-
ing 20 points. The proprietary GPT-4o-Audio,
although it still lags slightly behind its pipeline
counterpart Naive-4o, achieves an exceptionally
small performance gap, showcasing its superiority
over existing open-source voice assistants. Among
the open-source end-to-end models, Mini-Omni
and Mini-Omni2 underperform significantly due
to its use of a smaller speech encoder and base
LLM, which prioritize processing efficiency over
performance. Notably, while latest end-to-end
models, such as Qwen2-Audio (Chu et al., 2024),
demonstrate comparable or even superior ASR
compared to models such as Whisper (Radford
et al., 2023) and naive pipeline, a significant
performance gap persists when handling spoken
instructions in our VoiceBench evaluation. For
instance, on the LibriSpeech test-clean dataset,
Qwen2-Audio achieves a WER of 1.6, sur-
passing Whisper-large-v3’s WER of 1.8 (Qwen,
2025). Combining LLaMA with Whisper does not
yield further improvements in WER. However,
Qwen2-Audio and naive pipeline models exhibit
substantial performance disparities when process-
ing spoken instructions, underscoring a critical
limitation of current voice assistant evaluations,
which overly rely on ASR metrics.

Training Impacts Text Instruction Perfor-
mance: Inadequate training of voice assistants
can greatly impair the text processing capabili-
ties of LLMs. For example, LLaMA-Omni and
the Naive baseline both utilize the same base
LLM, yet LLaMA-Omni exhibits a significant
performance drop of over 11 points across all
text processing tasks after additional tuning. This
performance degradation is particularly severe on
instruction-following tasks, which aligns with pre-
vious research indicating that end-to-end audio
LLMs often struggle with instruction following
(Yang et al., 2024; Chen et al., 2024a).

Text-Speech Performance Gap: We observe
a notable disparity between the text and speech
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Model AlpacaEval CommonEval SD-QA MMSU OBQA BBH IFEval AdvBench Overall
(GPT) (GPT) (Acc.) (Acc.) (Acc.) (Acc.) (Acc.) (Refusal Rate)

Naive T. 4.69 4.38 76.89 66.23 81.54 75.40 76.72 96.54 81.84
S. 4.53 4.04 70.44 62.43 72.53 69.70 69.54 98.08 76.77

Naive-4o T. 4.83 4.63 78.93 85.17 94.29 91.60 80.56 98.27 89.75
S. 4.80 4.47 75.77 81.69 92.97 87.20 76.51 98.27 87.23

DiVA T. 4.68 4.29 76.40 63.31 76.70 65.60 72.51 99.23 79.14
S. 3.67 3.54 57.06 25.76 25.49 51.80 39.16 98.27 55.22

LLaMA-Omni T. 4.39 4.32 57.87 59.01 79.34 61.30 50.96 98.46 72.64
S. 3.70 3.46 39.69 25.93 27.47 49.20 14.87 11.35 38.96

Mini-Omni T. 2.34 2.55 16.64 26.74 30.55 48.60 17.97 86.35 40.58
S. 1.95 2.02 13.93 24.69 26.59 46.30 13.58 37.12 30.20

Mini-Omni2 T. 2.65 2.86 11.39 27.13 32.09 47.80 14.01 92.88 41.94
S. 2.32 2.18 9.31 24.27 26.59 46.40 11.56 57.50 33.20

Qwen2-Audio T. 4.11 3.77 51.18 45.02 67.91 56.10 33.38 96.73 63.49
S. 3.74 3.43 35.72 35.72 49.45 54.70 26.33 96.73 55.26

VITA T. 4.00 3.88 74.41 64.54 83.08 67.60 53.26 95.19 74.46
S. 3.38 2.15 27.94 25.70 29.01 47.70 22.82 26.73 36.31

Moshi S. 2.01 1.60 15.64 24.04 26.15 47.40 10.07 44.23 29.97

GPT-4o-Audio S. 4.78 4.49 75.50 80.25 89.23 84.10 76.02 98.65 86.14

GPT-4o-mini-Audio S. 4.75 4.24 67.36 72.90 84.84 81.50 72.90 98.27 82.20

Table 4: The performance of various voice assistants on VoiceBench. The T. and S. rows refer to the
model performance with text-form and speech-form instructions, respectively. GPT-4o(-mini)-Audio
and Moshi only allows speech-form instructions. We report the performance on SD-QA United States
accent above. The best performance with speech-form instructions is highlighted in bold, and the best
performance with text-form instructions is indicated with underline.

processing abilities of current end-to-end mod-
els. The naive pipeline model shows a relatively
small performance gap of 4.37 points from text to
speech instructions, primarily due to ASR errors
introduced by the speech recognition sub-model
within the pipeline. Additionally, Naive-4o dem-
onstrates an even smaller performance gap, in-
dicating that stronger backend LLMs exhibit
greater resilience to potential ASR errors. In con-
trast, end-to-end models such as VITA exhibit a
performance gap exceeding 35 points when han-
dling both text and speech inputs. This gap is
particularly pronounced in multiple-choice QA
tasks, where most end-to-end models, except for
Qwen2-Audio, perform at a level comparable to
random guessing.

Unsafe E2E Models: We identify potential
safety concerns with some voice assistants in
voice interaction mode. While all assistants ex-
hibit robust behavior when handling malicious
instructions in text form, several models, such
as Mini-Omni, fail to reject malicious instruc-
tions when they are delivered in speech form,
responding directly instead.

Task Difficulty Differences: VoiceBench en-
compasses tasks that vary significantly in diffi-
culty. For simpler question-answering datasets,
such as AlpacaEval employed in previous work
(Fang et al., 2025), multiple models—including
DiVA and LLaMA-Omni—demonstrate compa-
rable performance levels. Even a naive pipeline
model can achieve notably strong results, closely
rivaling sophisticated systems like Naive-4o
and GPT-4o-Audio. Although substantial perfor-
mance gaps remain evident between pipeline and
E2E models, relying exclusively on such sim-
pler datasets makes it challenging to clearly
differentiate performance across diverse mod-
els. Identifying this issue, we have incorporated
more challenging tasks into VoiceBench. For
instance, on the MMSU dataset, many exist-
ing voice assistants perform at random guess
accuracy (approximately 25%). However, the pro-
prietary GPT-4o-Audio model still exhibits robust
performance under these demanding conditions.
Through combining both simple and challeng-
ing tasks, Voicebench effectively differentiates
the capabilities of various models. Additionally,
the significant performance disparity observed
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SD-QA

AlpacaEval CommonEval Panda GPT

0.92 0.92 0.94 0.92

Table 5: Human validation of automatic evalua-
tion metrics. We report Spearman correlation for
AlpacaEval and CommonEval, and accuracy for
SD-QA.

on these challenging tasks underscores the value
of Voicebench that serves as a reliable tool for
evaluating and ranking voice assistants, ensuring
its usefulness for assessing future advancements
without rapidly becoming obsolete.

Human Validation of Automatic Evalua-
tion Metric: To assess the reliability of
GPT-based automatic evaluation metrics, we con-
ducted a small-scale human annotation study on
model-generated responses. Specifically, for each
automatically evaluated task—AlpacaEval, Com-
monEval, and SD-QA—we randomly sampled 50
responses from various models, yielding a total
of 150 responses. To ensure label balance, we
selected samples uniformly across the range of
automatic evaluation scores (e.g., 10 responses
per score level from 1 to 5 in AlpacaEval). Each
response was independently evaluated by three hu-
man annotators, following the same instructions
originally provided to the LLMs during auto-
matic evaluation. The results are summarized in
Table 5. Fleiss’ Kappa scores for AlpacaEval,
CommonEval, and SD-QA are 0.53, 0.66, and
0.95, respectively, indicating moderate to high
inter-annotator agreement and supporting the reli-
ability of the annotations. These findings provide
empirical validation for the use of the automatic
evaluation metrics in open-ended tasks.

3.5 Ablation Studies

In this section, we perform ablation studies to
compare voice assistants performance under real
spoken instructions and synthetic spoken instruc-
tions by different TTS models.

Comparison of Synthetic and Real Instruc-
tions: To examine the reliability of using
synthetic data to perform evaluation, we list
the performance of voice assistants on real and

Naı̈ve DiVA LO MO Qwen2 VITA

Real 4.04 3.54 3.46 2.02 3.43 2.15
Synthetic 4.22 3.64 3.67 2.23 3.46 3.21

Δ 0.18 0.10 0.21 0.21 0.03 1.06
SRCC 0.71 0.54 0.63 0.62 0.68 0.39

Table 6: Performance on the real and synthetic
CommonEval. We also report the performance
difference (Δ) and the Spearman’s rank correla-
tion coefficient (SRCC) between performance on
real and synthetic data. Qwen2 refers to Qwen2-
Audio. LO refers to LLaMA-Omni. MO refers
to Mini-Omni.

synthetic CommonEval in Table 6. Overall, the
model ranking on synthetic data and real data
shows a strong correlation with a Kendall’s τ of
0.87, indicating the possibility of using synthetic
data as cost-effective performance indicator. Yet,
there still exists some discrepancy. Notably, all
models achieve better performance on synthetic
data. In particular, VITA has around 50% perfor-
mance improvements when switching to synthetic
data. Since CommonEval speeches are recorded
with personal devices, instead of professional stu-
dio devices. The real speeches are usually more
noisy than synthetic data, which is more challeng-
ing. Since the VITA speech encoder is trained on
a relatively smaller scale compared to the Whisper
encoder used in other voice assistants, we hypoth-
esize that robust, large-scale training of the speech
encoder plays a crucial role in downstream per-
formance. These findings suggest that VITA may
struggle to perform effectively during real user
interactions, reinforcing our motivation to sim-
ulate real-world speech variations to thoroughly
evaluate voice assistants.

Evaluation Results with Different TTS Models:
The evaluation results on synthetic speeches gen-
erated by various TTS models are summarized
in Table 7. Overall, the voice assistants demon-
strate the best performance on data produced by
Google TTS, highlighting the superior quality
of Google’s text-to-speech system. This outcome
reinforces the effectiveness of Google TTS in gen-
erating realistic and high-quality synthetic speech.
Furthermore, we observe a consistent ranking of
models across different synthetic datasets with
a high Kendall’s W of 0.83, which underscores
the reliability and validity of using Google TTS
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Text CV-M CV-F G-M G-F Melo SRCC
Naive 4.81 4.43 4.56 4.68 4.73 4.52 0.48
DiVA 4.84 3.60 3.71 3.86 3.85 3.81 0.58
LLaMA-Omni 4.58 3.68 3.73 3.95 4.03 3.54 0.59
Mini-Omni 2.64 2.17 2.22 2.25 2.30 2.11 0.67
Qwen2-Audio 4.27 3.58 3.73 3.89 3.96 3.76 0.63
VITA 4.16 3.21 3.49 3.78 3.79 3.14 0.52
Avg. 4.22 3.45 3.57 3.74 3.78 3.48 0.58

Table 7: Performance of voice assistants on
AlpacaEval∗ generated with different TTS sys-
tems. M refers to male voice, and F refers to
female voice. CV refers to CozyVoice. G refers to
Google TTS. We also report the average mutual
SRCC among performance on data synthesized
by five TTS systems.

synthetic data as a benchmark for evaluating the
performance of voice assistants.

4 Speaker Variations

4.1 Method

Speaker-specific properties such as accent
(Bradlow and Bent, 2008) and speaking rate
(Krause and Braida, 2004) affect human speech
perception and introduce additional complexity
compared to text, which in turn poses significant
challenges for machine speech processing sys-
tems aiming to handle such variability (Li et al.,
2014; Kollmeier et al., 2008). These variations
could similarly affect the performance of voice
assistants. Motivated by this, we conduct an
in-depth analysis of various speaker variations,
including speaking speed, speaker age, volume,
pitch, and accent, to assess their impact on voice
assistants.

For speaking speed, speaker age, volume, and
pitch, we perform experiments using AlpacaEval∗.
Given the limited availability of instruction data
from diverse speakers, we control speaking speed,
volume, and pitch using Google TTS. To obtain
speeches with different speaker ages, we utilize
the CosyVoice-300M (Du et al., 2024) with speech
prompts. Our source speech prompts data includes
speech recordings from the Dynamic-SUPERB
age classification dataset (Huang et al., 2024),
spanning speakers aged 20 to 80. For each age
group, we select one male and one female speaker,
reporting the average score across both speakers.

To examine the influence of accent, we test
two settings. First, we use real speech samples

with varying accents from the SD-QA (Faisal
et al., 2021), which includes 11 accents from
regions such as Australia, the UK, North and South
India, Ireland, Kenya, Nigeria, New Zealand, the
Philippines, the US, and South Africa. Second,
we synthesize accent data using Google TTS and
MeloTTS (Zhao et al., 2023) within AlpacaEval.
We report the average scores for synthetic data
generated by both male and female voices using
Google TTS and MeloTTS, covering accents from
Australia, UK, US, and India.

4.2 Results

The effects of speaking speed, speaker age, pitch,
and volume are summarized in Figure 2. All voice
assistants exhibit a certain degree of robustness
to speaker-related variations. Model performance
does not degrade linearly with increasing varia-
tion. Instead, performance remains stable within
a certain range and begins to decline only after
crossing specific thresholds. Speaker age, volume,
and pitch generally have limited impact, with most
voice assistants—except VITA—maintaining sta-
ble performance across a broad range of variations.
Notable performance drops are observed only at
extremely low volumes or high speaking speed.
VITA, however, shows noticeable degradation
when processing high-pitched speech. Among all
factors, speaking speed has the most pronounced
effect on model performance. Interestingly, mod-
els that share the same speech encoder, such as
Qwen2-Audio and DiVA, exhibit highly similar
trends under perturbation. These findings suggest
that the audio encoder plays a dominant role in
determining model robustness, and that further
end-to-end training may have limited additional
impact in this regard.

The accent results from SD-QA are presented in
Figure 3, while the accent results from AlpacaEval
are summarized in Figure 4. Both synthetic and
real accent results exhibit similar trends. Over-
all, Mini-Omni exhibits the worst performance
in response to accent variations, while Native
demonstrates the best. On high-resource accents
(e.g., AU, BR, and US), each voice assistant shows
similar performance. However, with low-resource
accents such as Indian English and Philippines ac-
cent (IND-S, IND-N, PHL), each voice assistant
experience notable performance degradation in
comparison to high-resource accents. This degra-
dation is more pronounced with real accent data

386



Figure 2: Impact of various speaker features, including speaking speed, speaker age, pitch, and volume, on the
performance of voice assistants (AlpacaEval∗). We indicate the normal default conditions for speaking speed,
volume, and pitch using dashed lines.

Figure 3: Impact of accent on the performance of voice assistants (SD-QA). The locations of the accents are
indicated in the figure: AU (Australia), BR (United Kingdom), US (United States), IND-N (North India), IND-S
(South India), IRL (Ireland), KEN (Kenya), NGA (Nigeria), NZL (New Zealand), PHL (Philippines), ZAF
(South Africa).

Figure 4: Impact of accent on the performance of voice
assistants (AlpacaEval∗).

(Figure 3) compared to synthetic data (Figure 4).
Given the challenges of accent TTS, synthetic
accent data may not fully capture the nuanced
features of accents, rendering the speech closer
to standard English and thus less challenging for
the models. Similarly, VITA demonstrates more
pronounced performance differences across ac-
cents compared to other voice assistants, indi-

cating reduced robustness in handling accents,
whereas the other assistants exhibit relatively con-
sistent resilience against accent variation. Since
VITA uses a newly developed speech encoder,
while the other assistants employ a Whisper-
series encoder, this further supports our hypoth-
esis that the choice of speech encoder plays a
critical role in determining the robustness of voice
assistants.

5 Environmental Variations

5.1 Method

When talking to voice assistants, different back-
ground environment variations pose a significant
challenge to accurately understanding and re-
sponding to users’ queries (Haeb-Umbach et al.,
2019; Xiong et al., 2017; Barker et al., 2018).
However, current evaluations lack specificity
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Figure 5: Impact of various environment perturbations, including reverberation, compression, noise, and clipping,
on the performance of voice assistants (AlpacaEval∗). The x-axis represents increasing perturbation strength, with
righter positions indicating more severe and challenging conditions.

regarding noisy scenarios, which are the most
common in real-world applications where voice
assistants are deployed, such as in homes, vehicles,
and public spaces.To benchmark the robustness
of voice assistants, we conduct a thorough anal-
ysis across various noisy conditions, including
reverberation, compression, noise and clipping.
To stimulate the above environmental variations,
we use the Speech Signal Improvement Chal-
lenge toolkit4 to generate various distorted speech
samples. Reverberation occurs when speech sig-
nals reflect off surfaces, leading to overlapping
echoes, particularly in large or reflective spaces.
To simulate different levels of reverberation, we
vary the parameter of room size, with larger
sizes corresponding to stronger reverberation. For
compression, we reduce the bit depth of audio
signals to simulate lossy transmission or hardware
constraints. Lower bit depths cause significant in-
formation loss and audio distortion. To simulate
additive noise, we inject white noise into the audio
signals at varying signal-to-noise ratios (SNRs).
Lastly, clipping introduces nonlinear distortion by
truncating the amplitude of the waveform when it
exceeds a specified threshold. We simulate this by
progressively lowering the clipping threshold in
decibels (dB), where smaller thresholds result in
more aggressive distortion. Overall, by simulating
different acoustic conditions, we provide a more

4https://github.com/microsoft/SIG-Challenge.

comprehensive assessment of the voice assistants
in real-world applications.

5.2 Results

The performance of voice assistants under var-
ious environmental conditions is summarized in
Figure 5. Consistent with the observations on
speaker variations, models utilizing Whisper-
based speech encoders exhibit similar levels of ro-
bustness across different perturbations. In general,
environmental variations have a greater impact on
model performance than speaker-related varia-
tions. Among all models, VITA is particularly
sensitive to reverberation—even mild reverbera-
tion leads to a significant drop in performance,
often resulting in nearly unintelligible responses.
Interestingly, the naive pipeline model demon-
strates slightly better robustness compared to other
models. A plausible explanation is that the cas-
caded architecture of the naive model, which first
transcribes audio into text before passing it to
the LLM, effectively serves as an implicit denois-
ing mechanism. This intermediate transcription
step may help filter out environmental noise,
thereby improving the clarity of the input and
enhancing downstream LLM performance. In con-
trast, end-to-end models such as LLaMA-Omni,
Mini-Omni, DiVA, Qwen2-Audio, and VITA
process raw audio directly, making them more
vulnerable.
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Clean Repair Repeat Pause Interjection False Start Misprounication Grammar Error

Naı̈ve 4.68 4.55 (2.76) 4.70 (−0.50) 4.65 (0.57) 4.59 (1.79) 4.71 (−0.75) 4.00 (14.47) 4.62 (1.11)
DiVA 3.86 3.63 (5.99) 3.69 (4.51) 3.63 (6.07) 3.65 (5.34) 3.74 (3.21) 3.20 (17.18) 3.75 (2.86)
LLaMA-Omni 3.95 3.24 (17.94) 3.84 (2.80) 3.89 (1.61) 3.88 (1.78) 3.86 (2.16) 3.22 (18.58) 3.82 (3.27)
Mini-Omni 2.25 1.85 (18.13) 1.95 (13.67) 1.84 (18.42) 1.97 (12.41) 2.20 (2.30) 1.83 (19.02) 2.19 (2.90)
Qwen2-Audio 3.89 3.49 (10.41) 3.34 (14.19) 3.36 (13.85) 3.36 (13.85) 3.77 (3.18) 3.11 (20.22) 3.83 (1.76)
VITA 3.78 2.85 (24.61) 2.82 (25.45) 2.83 (25.14) 2.73 (27.89) 3.40 (10.05) 2.51 (33.60) 3.61 (4.65)

Avg. 3.74 3.27 (12.55) 3.39 (9.30) 3.36 (9.95) 3.36 (9.97) 3.62 (3.26) 2.98 (20.34) 3.64 (2.68)

Table 8: The impact of content noise on the performance of voice assistants (AlpacaEval∗). For each
cell, we show the response score and performance degradation percentage after injecting content noise.

6 Content Variations

6.1 Method

Compared to written text, spoken language tends
to be more informal and casual, often containing
various errors such as disfluencies (Tree, 1995;
Shriberg, 1994; Jamshid Lou and Johnson, 2020;
Marie, 2023), mis-pronunciation (El Kheir et al.,
2023; Dell and Reich, 1981), and grammar er-
ror (Carter and McCarthy, 1995; McCarthy and
Carter, 1995; Caines et al., 2020). These errors
are common in natural speech and can have a
significant impact on the performance of voice
assistants. However, current evaluations of voice
assistants often focus on clean data, overlooking
these frequent speech errors. In this section, we an-
alyze the effects of common speech content errors
on voice assistant performance. Specifically, we
examine mispronunciations, grammatical errors,
and a range of common disfluencies, including re-
pairs, repetitions, filled pauses, interjections, and
false starts. Typical examples of different content
error type are provided in Table 9. Considering the
scarcity of instruction data containing such errors,
we leverage GPT-4o to rewrite clean instructions
into noisy versions with few-shot demonstration.
The instructions from AlpacaEval are rewritten to
include various types of errors, and the modified
text is converted into speech using Google TTS.

6.2 Results

The performance of voice assistants under var-
ious content errors is summarized in Table 8.
Overall, naive pipeline demonstrates the best ro-
bustness in handling content errors. All voice
assistants show strong resilience to grammatical
errors but are much more vulnerable to mispro-
nunciations. Mispronunciations often result in a
large number of incorrectly recognized words,

Clean What’s the placebo phenomenon?

Repair What’s the nocebo... I mean, the
placebo phenomenon?

Repeat What’s the the the placebo phe-
nomenon?

Pause What’s, uh, the placebo phenomenon?
Interjection Well, what’s the placebo phenomenon?
False start I was thinking... What’s the placebo

phenomenon?
Misprounication What’s the placebo phenomemon?
Grammar error What’s the placebo phenomenon is?

Table 9: Examples of different content variations.

leading to a higher Word Error Rate (WER),
which can alter the intended meaning of the
speech. In contrast, grammatical errors tend to
preserve the overall meaning, leading to less
disruption in performance. Additionally, LLMs
also display a high tolerance for grammatical
errors but exhibit much less resilience to high
WER, likely because grammatical mistakes are
common in written text, while incorrect word
recognition is not (Wang et al., 2024a). The vul-
nerability of base LLMs can also help explain
the observed performance trends. Similarly, spo-
ken disfluencies—commonly absent in written
text—significantly degrade model performance.
Disfluencies can be considered as including irrel-
evant content, which can easily distract the LLMs
(Shi et al., 2023). Among the examined disflu-
encies, repairs are the most problematic. Repairs
can introduce incorrect or conflicting information
that causes the model to misinterpret the query
and produce incorrect responses. For instance, as
shown in Table 9, the model might incorrectly
respond to the definition of ‘‘nocebo’’ instead
of ‘‘placebo.’’ Consequently, repair disfluencies
cause the greatest performance degradation.
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Figure 6: The correlation between WER and response
quality of the naive pipeline model.

7 Discussion

Insufficiency of ASR-Focused Evaluation: As
discussed in Section 2.2, existing voice assistant
evaluations heavily emphasize ASR performance.
However, since voice assistants aim to directly an-
swer spoken queries rather than merely transcribe
them, their effectiveness relies not only on accu-
rate speech-to-text conversion but also on critical
capabilities like language understanding, response
generation, and robustness to input perturbations.
This underscores the importance of evaluating the
assistants’ ability to answer queries directly, rather
than relying exclusively on ASR-focused metrics.
Furthermore, our empirical findings in Section 3.4
demonstrate a clear misalignment between ASR
quality and overall voice assistant performance.
To reinforce this observation, we conduct an addi-
tional experiment using spoken AlpacaEval∗ data
under various input perturbations introduced in
earlier sections. Both ASR accuracy and response
quality were evaluated for a naive pipeline model,
with results shown in Figure 6. While response
quality generally decreases as WER increases,
substantial fluctuations are evident. For instance,
response quality scores can differ significantly (by
about 1.5 points) at identical WER values around
50%. These findings clearly indicate that WER
alone is not a reliable indicator of overall voice
assistant performance. Consequently, direct evalu-
ation of response quality is essential for accurately
assessing the effectiveness of voice assistants.

Actionable Suggestions: Based on our exper-
imental findings from VoiceBench, we offer
several actionable recommendations for advanc-
ing LLM-based voice assistants. First, to enhance
robustness against auditory perturbations, it is ad-
visable to adopt a strong pre-trained speech foun-
dation model—such as Whisper—as the speech
encoder. Second, to prevent degradation in text un-

derstanding capabilities, incorporating text-only
training data during post-training can help pre-
serve the model’s language proficiency. Finally,
we observe that current voice assistants strug-
gle significantly with tasks involving long and
complex spoken instructions, such as MMSU and
BBH. Future development should prioritize train-
ing on datasets with more diverse and lengthy
spoken inputs to improve performance on such
challenging tasks.

8 Conclusion

In this work, we introduce the first comprehensive
multi-facet benchmark to assess the capabilities
of voice assistants using both real and synthetic
spoken instructions. Our results highlight a signif-
icant performance gap between end-to-end models
and straightforward pipeline models, underscoring
the need for further advancements in processing
spoken instructions effectively. Additionally, we
uncover key vulnerabilities in voice assistants by
evaluating their performance across various fac-
tors, including speaker variations, environmental
conditions, and content-related errors. These find-
ings suggest important areas for improvement in
voice assistant robustness. Future work includes
developing evaluation protocols for speech-based
responses and extending the benchmark to in-
corporate more diverse and realistic evaluation
data.

Limitations

Despite providing many valuable insights, the pro-
posed benchmark has several limitations. First,
because collecting real speech data with sufficient
variability is difficult, our approach primarily
relies on simulation techniques to approximate
differences across speakers, environments, and
content. Second, our evaluation is limited to tex-
tual responses generated by voice assistants, which
allows for broad applicability and consistent as-
sessment across systems. However, this choice
means that VoiceBench includes instructions
whose answers are difficult to render naturally
in spoken form. Moreover, many modern sys-
tems are capable of producing spoken output, and
evaluating such outputs could introduce additional
dimensions, such as speech quality and emotional
expressiveness. We leave these aspects for future
research. Third, VoiceBench currently evaluates
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only single-turn interactions. Extending the bench-
mark to multi-turn dialogue scenarios (Si et al.,
2023; Zhang et al., 2024a) represents another
important avenue. Finally, VoiceBench empha-
sizes tasks that can be solved purely through
linguistic content, while overlooking scenarios
where acoustic or paralinguistic cues could im-
prove performance. While our results show that
current end-to-end voice assistants underperform
pipeline models, they may offer advantages in
tasks that depend on such acoustic or paralinguistic
information (Wu et al., 2024).
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A Generation Prompts

The data generation prompts used in our
experiments are listed in this section.

• Text Normalization:

You are tasked with normalizing
text for a Text-to-Speech (TTS)
system. Your job is to take a
raw text input and transform it
into a form that a TTS engine
can easily process. This
includes:
1. Expanding abbreviations,
acronyms, and contractions.
2. Converting numbers into
their word forms.
3. Expanding dates, times, and
units of measurement into their
spoken equivalents.
4. Handling special characters
(such as ‘‘$’’, ‘‘#’’, ‘‘*’’,
‘‘>’’, ‘‘<’’, ‘‘\n’’, ‘‘-’’)
and ensuring they are converted
into their words equivalents.
5. Correctly formatting
currency, percentage, and other
symbols. 6. Preserving proper
names and specific phrases
but normalizing other text
elements.

Here’s the text to normalize:
Text: [[instruction]]

Please output the normalized
instruction only without
anything else!

B Evaluation Prompts

The automatic evaluation prompts used in our
experiments are listed in this section.

• SD-QA:

### Question
[[Question]]

### Reference answer
[[Answer]]

### Candidate answer
[[Response]]

Is the candidate answer
correct based on the question
and reference answer?
Please only output a single
‘‘Yes’’ or ‘‘No’’. Do not
output anything else.
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• AlpacaEval & CommonEval:

I need your help to evaluate
the performance of several
models in the speech interac-
tion scenario. The models will
receive a speech input from
the user, which they need to
understand and respond to with
a speech output.
Your task is to rate the
model’s responses based
on the provided user input
transcription [Instruction]
and the model’s output
transcription [Response].

Please evaluate the response
on a scale of 1 to 5:
1 point: The response is
largely irrelevant, incorrect,
or fails to address the user’s
query. It may be off-topic or
provide incorrect information.
2 points: The response is
somewhat relevant but lacks
accuracy or completeness. It
may only partially answer the
user’s question or include
extraneous information.
3 points: The response is
relevant and mostly accurate,
but it may lack conciseness
or include unnecessary details
that don’t contribute to the
main point.
4 points: The response is rel-
evant, accurate, and concise,
providing a clear answer to
the user’s question without
unnecessary elaboration.
5 points: The response is
exceptionally relevant,
accurate, and to the point.
It directly addresses the
user’s query in a highly
effective and efficient
manner, providing exactly
the information needed.

Below are the transcription of
user’s instruction and models’
response:
### [Instruction]:
[[Instruction]]
### [Response]: [[Response]]
After evaluating, please
output the score only without
anything else.
You don’t need to provide any
explanations.

C Text Instruction Examples

In Table 10, we present examples of excluded
and included instructions in VoiceBench. The
first instruction is excluded because conveying
a URL through speech is impractical. The sec-
ond instruction is excluded due to its excessive
length. The third instruction is excluded because
the example format is difficult to communicate
verbally. In contrast, we do not impose constraints
on the output responses, since our evaluation tar-
gets textual responses. Consequently, included
instructions may request outputs that cannot them-
selves be easily conveyed through speech, such as
a JSON object and special characters.

Excluded Instructions

Write a 300+ word summary of the wikipedia
page ‘‘https://en.wikipedia.org/wiki
/Raymond_III,_Count_of_Tripoli’’. Do not
use any commas and highlight at least 3 sections that
has titles in markdown format, for example *highlighted
section part 1*, *highlighted section part 2*, *highlighted
section part 3*.

Rewrite the following sentence in a more formal way:
‘‘Them youngins be always on that damn phone’’. Imagine
you are the president of the United States. Avoid using
the word ‘‘youngins’’ and ‘‘damn’’ throughout your entire
response. Please repleat the entire first line above, then give
your rewrite. Do not add any word before that. In other
words, your entire response should start with ‘‘Rewrite the
following’’.

Give me 5 Q and As, following the following format:
‘‘
Q & A # 1
***
Q & A # 2
***
Q & A # 3
***
Q & A # 4
***
Q & A # 5
’’
Wrap your entire response with double quotation marks.

Included Instructions

Can you help me make an advertisement for a new product?
It’s a diaper that’s designed to be more comfortable for
babies and I want the entire output in JSON format.

Write a cover letter for a job at a local coffee shop in the
form of a poem. Highlight at least five text sections using
asterisk.

Table 10: Examples of excluded and included
instruction.
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