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Abstract

The development of audio foundation models
has accelerated rapidly since the emergence of
GPT-40. However, the lack of comprehensive
evaluation has become a critical bottleneck for
further progress in the field, particularly in au-
dio generation. Current audio evaluation faces
three major challenges: (1) audio evaluation
lacks a unified framework, with datasets and
code scattered across various sources; (2) au-
dio codec, as a key component of audio foun-
dation models, lacks a widely accepted and
holistic evaluation methodology; (3) existing
speech benchmarks are heavily reliant on En-
glish, making it challenging to objectively as-
sess models’ performance on Chinese. We in-
troduce UltraEval-Audio, a unified framework
addressing these challenges through a modu-
lar architecture supporting 10 languages, 14
task categories, 24 models, and 36 benchmarks
with one-command evaluation and real-time
leaderboards. For audio codec, we propose a
three-dimensional evaluation scheme covering
semantic accuracy, timbre fidelity, and acous-
tic quality. For Chinese evaluation, we intro-
duce two new benchmarks: SpeechCMMLU
and SpeechHSK. Our code, benchmarks, and
leaderboards are available at https://github.
com/OpenBMB/UltrakEval-Audio.

1 Introduction

The rapid advancement of audio foundation models
(AFMs), such as GPT-40 (OpenAl et al., 2024),
Qwen2.5-Omni (Xu et al., 2025), Moshi (Dé-
fossez et al., 2024), GLM-4-Voice (Zeng et al.,
2024), Step-Audio (Huang et al., 2025), Kimi-
Audio (Ding et al., 2025), and MiniCPM-o0 2.6 (Yao
et al., 2024) has significantly expanded the bound-
aries of human-computer interaction. However, the
lack of comprehensive evaluation has become a
critical bottleneck for further progress. Current
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audio evaluation faces three major challenges: (1)
the absence of a unified framework, with datasets
and code scattered across sources, hindering fair
cross-model comparison; (2) the lack of system-
atic evaluation for audio codec—a core component
of AFMs; and (3) the heavy reliance on English
benchmarks, which inadequately assess model per-
formance on Chinese.

Existing evaluation tools are often designed for
specific tasks (e.g., ASR, AST) and fail to ac-
commodate general-purpose AFMs. While recent
efforts like AudioBench (Chen et al., 2024) and
AHELM (Lee et al., 2025) have made progress,
they lack support for audio generation tasks or re-
quire cumbersome procedures. Moreover, main-
stream benchmarks such as SpeechTriviaQA (Dé-
fossez et al., 2024) and SpeechAlpacaEval (Fang
et al., 2025) are English-centric, leaving a gap for
Chinese evaluation.

To address these issues, we introduce UltraEval-
Audio, a unified evaluation framework for AFMs.
It features a modular architecture with “one-
command” evaluation, supporting 10 languages,
14 task categories, 24 mainstream models, and
36 benchmarks. Our key contributions are (1)
The first unified audio evaluation framework.
UltraEval-Audio supports a wide range of input-
output modalities, including “Text — Audio”,
“Text + Audio — Text”, “Audio — Text”, and
“Text + Audio — Audio”. The framework sup-
ports 10 languages, 14 core task categories and
integrates 24 mainstream models and 36 authorita-
tive benchmarks, covering three key audio types:
speech, environmental sound, and music. With
its user-friendly design, the framework offers a
“one-command” evaluation feature and publicly
available leaderboards for transparent comparisons.
(2) A multi-dimensional evaluation scheme for
audio codec. We have established a system-
atic evaluation scheme that covers semantic ac-
curacy, timbre fidelity, and acoustic quality, ad-
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dressing the lack of widely accepted and system-
atic multi-dimensional performance metrics for
audio codec. (3) Two new Chinese evaluation
benchmarks. We propose SpeechCMMLU and
SpeechHSK, which are designed to systemati-
cally measure the knowledge proficiency and lan-
guage fluency of AFMs in the Chinese context.
The framework, code, and leaderboards are pub-
licly available at https://github.com/OpenBMB/
UltraEval-Audio under the Apache-2.0 license.

2 Related Work

Audio Foundation Models. Emerging AFMs
typically adopt an Audio Codec+LLM architec-
ture with three components: an audio tokenizer,
an LLM backbone, and a vocoder. Based on
vocoder inclusion, they fall into two categories:
(1) audio understanding models (e.g., Qwen-
Audio (Chu et al., 2023), Gemini-1.5 (Team et al.,
2024)), which output text only; and (2) audio
generation models (e.g., GPT-40-Realtime (Ope-
nAl et al., 2024), Moshi (Défossez et al., 2024),
MiniCPM-o0 2.6 (Yao et al., 2024)), which output
both speech and text. Meanwhile, audio codec
like EnCodec (Défossez et al., 2022), DAC (Ku-
mar et al., 2023), and X-codec (Ye et al., 2025) has
evolved toward scalable, low-latency tokenization
for LLM-based speech generation.

Audio Evaluation Frameworks. While com-
prehensive frameworks exist for text (e.g., Open-
Compass (Contributors, 2023), UltraEval (He et al.,
2024)) and vision (e.g., VLMEvalKit (Duan et al.,
2024)), a unified audio evaluation framework
has been lacking. Recent efforts include: Au-
dioBench (Chen et al., 2024) (8 tasks, 26 bench-
marks) and AHELM (Lee et al., 2025) (10 evalua-
tion aspects), but both lack coverage of audio gener-
ation tasks. Kimi-Audio-Evalkit (Ding et al., 2025)
reproduces Kimi-Audio’s benchmarks but requires
five-step procedures and code-level prompt mod-
ifications. AU-Harness (Surapaneni et al., 2025)
supports 380+ tasks but demands manual model
adaptation to vLLM services.

Audio Evaluation Benchmarks. Beyond tra-
ditional ASR/AST, user-centric benchmarks have
emerged. AIR-Bench (Yang et al., 2024) col-
lects spoken QA with GPT-4 evaluation, and
VoiceBench (Chen et al., 2024) adds synthetic in-
structions, Llama-Question (Nachmani et al., 2023)
introduced speech QA with ASR-based evalua-
tion, followed by SpeechWebQuestions (Nachmani

et al., 2023), SpeechTriviaQA (Défossez et al.,
2024), and SpeechAlpacaEval (Fang et al., 2025).
However, all these benchmarks are English-only,
leaving Chinese evaluation unexplored.

Audio Codec Evaluation. Recent audio codec
evaluation combines subjective (MUSHRA (Se-
ries, 2014)) and objective metrics: ViSQOL (Hines
et al., 2015) for perceptual quality, SI-SNR for re-
construction fidelity, STOI (Taal et al., 2011) for
intelligibility, and speaker similarity (SIM) via em-
bedding models. (Ye et al., 2025) also employs
downstream TTS tasks to indirectly evaluate codec
performance, but a systematic framework remains
absent.

3 Audio Evaluation Design and
Methodology

We outline a systematic audio evaluation design
for AFMs by establishing a unified evaluation tax-
onomy. Building on this taxonomy, we develop a
comprehensive audio codec evaluation methodol-
ogy and introduce two Chinese speech benchmarks,
SpeechCMMLU and SpeechHSK.

3.1 Audio Evaluation Taxonomy

UltraEval-Audio designs a capability-driven task
taxonomy to organize evaluation. As shown in
Table 1, tasks are grouped into three high-level
categories: audio understanding, audio gener-
ation, and audio codec, further divided by do-
main (speech, music, environmental sounds). Each
task is associated with standardized metrics (e.g.,
WER for ASR, BLEU for translation, accuracy for
classification, and ASR-WER/UTMOS for genera-
tion/codec tasks).

Based on this taxonomy, we instantiate evalua-
tion with 36 benchmarks covering 14 tasks and 10
languages (Table 2 summarizes key datasets). This
design ensures comprehensive, multi-dimensional
assessment, e.g2., ASR spans clean, studio-quality
recordings (LibriSpeech) to in-the-wild speech
(WenetSpeech), and single-language (AISHELL-1)
to multilingual (FLEURS) conditions.

3.2 Codec Evaluation

Audio codec is a fundamental component of au-
dio foundation models, yet existing evaluation ap-
proaches rely on diverse metrics with inconsistent
standards. To address this, we propose a three-
dimensional codec evaluation methodology encom-
passing semantics, timbre fidelity, and acoustic
quality.

567


https://github.com/OpenBMB/UltraEval-Audio
https://github.com/OpenBMB/UltraEval-Audio

Category Domain Task Description Metrics
ASR Given speech audio, produce a transcription. ‘WER / CER
AST Given speech audio in the source language, generate a text translation in the target language. BLEU
Speech Gender Analysis Given speech audio, predict the speaker’s gender. Acc.
Speech QA Given speech audio, generate a textual answer to the corresponding question. Exist Match / G-Eval
Audio Emotion Analysis Given speech audio, identify the speaker’s emotional state. Acc.
Understanding - - N N - B B
Instrument Recognition ~ Given music audio, classify the predominant instrument. Acc.
Music Music Genre Given music audio, classify the corresponding music genre. Acc.
Chord Recognition Given music audio, identify the sequence of chord labels. Acc.

Environment Audio Classification

Given non-speech audio, classify it into a predefined scene or event category. Acc.

Sounds Audio Captioning Given non-speech audio, generate a natural language description of its content. BLEU /ROUGE-L
Audio TTS Given input text, synthesize the corresponding speech audio. ASR-WER
Generation Speech vC Given input text and a reference speech sample, synthesize speech in the target speaker’s voice. ASR-WER / SIM
Speech QA Given speech audio, generate an appropriate spoken response. Exist Match / G-Eval / UTMOS
Audio Codec Speech Speech Codec Encode and reconstruct speech audio from discrete representations. ASR-WER / SIM / UTMOS

Table 1: Task taxonomy in UltraEval-Audio. WER: Word Error Rate; CER: Character Error Rate; BLEU/ROUGE-L:
metrics for evaluating the quality of generated text; Acc.: classification accuracy; SIM: speaker embedding cosine
similarity; UTMOS: an objective speech quality evaluation metric; G-Eval: GPT-based evaluation metric; ASR-
WER: computed by transcribing the generated or reconstructed speech with an ASR model and then calculating

WER on the transcriptions.

Task L g Dataset
TED-LIUM (Rousseau et al., 2012), VoxPopuli (Wang et al., 2021), LibriSpeech (Panayotov et al., 2015)
en The People’s Speech (Galvez et al., 2021), WenetSpeech (Zhang et al., 2022)
ASR GigaSpeech (Chen et al., 2021), AudioMNIST (Srinivasan, 2023)

zh KeSpeech (Tang et al., 2021), AISHELL-1 (Bu et al., 2017)

nl, fr, de, it, pl, pt, es

MLS (Pratap et al., 2020)

zh, en, ru, de, jp, ...

FLEURS (Conneau et al., 2022), Common Voice (Ardila et al., 2019)

AST zh, en, ru, de, jp, ... CoVoST 2 (Wang et al., 2020)
vC zh, en Seed-TTS-Eval (Anastassiou et al., 2024), CV3-Eval (Du et al., 2025)
TTS zh, en Long-TTS-Eval (Wang et al., 2025a)
Speech Codec en LibriSpeech

zh AISHELL-1

SpeechTriviaQA (Défossez et al., 2024), SpeechWebQuestions (Nachmani et al., 2023)
Speech QA en SpeechAlpacaEval (Fang et al., 2025), LLaMA-Questions (Nachmani et al., 2023)
AIR-Bench (Yang et al., 2024), MMAU (Sakshi et al., 2024)

zh SpeechHSK", SpeechCMMLU"
Emotion Analysis en TESS (Dupuis and Pichora-Fuller, 2010), MELD (Poria et al., 2018)
Gender Analysis en VoxCeleb (Nagrani et al., 2017)

Chord Recognition -

Chord (deepcontractor, 2023)

Instrument Recognition -

NSynth (Engel et al., 2017)

Music Genre -

GTZAN (Sturm, 2013)

Caption -

AudioCaps (Kim et al., 2019), WavCaps (Mei et al., 2024), Clotho (Drossos et al., 2020)

CatDog (Moreaux, 2023), DESED (Turpault et al., 2019)

Audio Classification -

VocalSound (Gong et al., 2022), COVID-19 Sounds (Dong et al., 2020)

PASCAL CHSC 2011 (Bentley et al.), ICBHI 2017 Respiratory Sound (Rocha et al., 2018)

Table 2: Benchmarks supported in UltraEval-Audio. * indicates new benchmarks introduced in this paper.

Semantic preservation is measured via word er-
ror rate (WER) by transcribing reconstructed audio
with Whisper-large-v3 (English) and Paraformer-
zh (Chinese) and comparing to original transcripts.
Timbre fidelity quantifies speaker characteristic re-
tention through cosine similarity of WavL.M-large
speaker embeddings extracted from original and
reconstructed audio. Acoustic quality combines
UTMOS (Saeki et al., 2022) for overall natural-
ness with DNSMOS P.835 (Reddy et al., 2022) and
P.808 (Reddy et al., 2021) for perceptual quality
assessment in noisy environments.

3.3 Chinese Benchmarks

Existing speech QA benchmarks are English-
centric. We introduce two Chinese benchmarks:
SpeechCMMLU extends CMMLU (Li et al., 2023)

to the speech modality by converting each multiple-
choice item into a standardized instruction, syn-
thesizing speech with a high-quality Chinese TTS
system (CosyVoice2), and filtering samples via
ASR back-transcription to ensure exact text fidelity
(CER = 0), resulting in 3,519 high-quality sam-
ples spanning diverse subjects for evaluating Chi-
nese knowledge reasoning. SpeechHSK is built
from the listening section of official Hanyu Shuip-
ing Kaoshi (HSK') exams: question stems use the
original recordings, while answer options are re-
recorded by native speakers. It is organized into
six proficiency levels with 170 samples for diag-
nostic assessment of Chinese listening comprehen-
sion. Together, they form a multi-level evaluation
suite for Chinese speech. SpeechCMMLU targets

"https://www.chinesetest.cn
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Figure 1: Overview of the UltraEval-Audio framework

knowledge reasoning, while SpeechHSK focuses
on general language proficiency. Both benchmarks
are constructed with rigorous quality control.

4 UltraEval-Audio Framework

We present the engineering architecture of
UltraEval-Audio, designed to address the integra-
tion challenges arising from diverse input modal-
ities and heterogeneous model interfaces in AFM
evaluation.

As illustrated in Figure 1, the system consists
of three main modules: data preparation, model
deployment, and evaluation. The data preparation
module standardizes diverse audio-text formats into
a unified intermediate representation. The model
deployment module integrates diverse inference
backends through a unified interface, allowing dif-
ferent AFMs to be seamlessly integrated. The eval-
uation module manages post-processing, evaluator,
and result generation in an automated manner.

Beyond modality coverage, we place equal em-
phasis on engineering extensibility and practical
usability. In addition to supporting audio under-
standing, generation and codec tasks, the frame-
work is designed to be fully configuration-driven
and easy to deploy through one-command evalua-
tion with automatic data and model management.
The framework adopts a decoupled modular design
with a configuration-driven workflow.

To position UltraEval-Audio within the land-
scape of existing evaluation toolkits, we compare
it with representative frameworks as shown in Ta-
ble 3.

4.1 Data Preparation

Data loader. UltraEval-Audio adopts an audio-
centric dataset organization scheme with a re-
served audio field. The framework provides built-
in pipelines for automatic downloading, caching,
decoding, and format standardization from sources

Framework Understanding  Generation Configurable One-command Eval

AudioBench v
Kimi-Audio-Evalkit v
AU-Harness v
Ours v

WX X% %
NN XX
WX X% %

Table 3: Comparison with existing frameworks. Un-
derstanding: support for audio understanding tasks.
Generation: support for audio generation tasks. Con-
figurable: supports configuration-driven runtime with-
out requiring any code modification. One-command
Eval: support for one-command evaluation with auto-
matic data/model downloading.

like HuggingFace, significantly simplifying multi-
modal preprocessing.
Prompt management. Given AFMs can be sen-
sitive to prompts, we introduce a configuration-
driven mechanism using YAML-based configura-
tions and Jinja templating. This enables flexible
prompt construction at task, model, or sample level
without code modification. The module consists of
three core components: a Prompt Register that in-
dexes templates for different tasks, a YAML Parser
that loads model- or task-specific prompt defini-
tions from configuration files, and a renderer that in-
jects dataset fields (e.g., audio) into templates. Fig-
ure 2 shows an example ASR prompt for MiniCPM-
0 2.6, where {{audio}} is dynamically replaced at
inference time.
1 mini-cpm-omni-asr-en:
2 class: audio_evals.prompt.base.Prompt
3 args:

4 template:

5 - role: user

6 contents:

7 - type: text

8 value: "Please listen to the audio snippet carefully and

9 transcribe the content. Please output in lower case."

]

1

- type: audio
value: '{{audio}}'

Figure 2: An example ASR prompt for MiniCPM-o 2.6

4.2 Model Deployment

Model deployment poses two practical challenges:
supporting both remote APIs and local models,
and managing dependency conflicts for local mod-
els. To address these issues, we propose an Iso-
lated Runtime mechanism. Concretely, each local
model is executed within its own dedicated vir-
tual environment that contains only its required
dependencies, and is launched as a daemonized
subprocess to preserve persistent state for contin-
uous inference. The main process communicates
with these model subprocesses through lightweight
inter-process communication (IPC) over system
pipes, enabling secure and low-latency data ex-
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change.

This microservice-style architecture eliminates
dependency conflicts while providing a unified .in-
ference() interface across all model types.

4.3 Evaluation

The evaluation phase converts raw model outputs
into quantifiable metrics through two components:
Post-processing standardizes outputs using mod-
ular, composable modules (e.g., Option Extrac-
tion, Yes/No Parser, JSON Field Parser) that can
be chained for complex tasks. Evaluators then
compute final scores using either rule-based met-
rics (e.g., WER for ASR, BLEU for AST, and
accuracy for classification) or model-based met-
rics (e.g., Speaker Similarity (SIM) for timbre, UT-
MOS/DNSMOS for speech quality, and LLM-as-
a-Judge for open-ended QA). All evaluators are
exposed through a unified registration interface,
and their results are automatically aggregated to
ensure consistent and reproducible reporting.

5 Evaluation Results

UltraEval-Audio provides a unified solution
for systematically assessing audio models. We
construct three leaderboards, covering audio
understanding, generation, and codec evaluation,
over 13 leading audio foundation models (Table 4)
and 9 audio codecs (with detailed descriptions
provided in Appendix A). These leaderboards span
diverse multilingual benchmarks and assessment
dimensions, enabling systematic comparison
across different model architectures and interaction
paradigms. Beyond reporting aggregate results,
we further analyze benchmark relationships and
the robustness of leaderboard rankings. All results
are publicly available on our leaderboard (https:
//github.com/OpenBMB/UltrakEval-Audio/
blob/main/README.md#leaderboard).

5.1 Audio Understanding

We evaluate ASR (LibriSpeech, TED-LIUM,
AISHELL-1, WenetSpeech, CommonVoice), AST
(CoVoST 2), and emotion recognition (MELD).
As shown in Table 5, key observations include:
(1) GPT-40-Realtime faces strong competition in
the field of audio understanding, with open-source
models such as Qwen3-Omni-30B-A3B-Instruct,
Kimi-Audio-7B-Instruct, MiniCPM-o 2.6 as well
as proprietary models like Gemini-2.5-Pro, achiev-
ing superior performance in the evaluation; (2)

Qwen3-Omni-30B-A3B-Instruct demonstrates su-
perior performance across all tasks, consistently
delivering high-quality results in various domains.
Kimi-Audio-7B-Instruct excels in ASR and EMO
tasks but underperforms in AST, indicating room
for improvement in the latter area.

5.2 Audio Generation

We assess spoken QA on English bench-
marks (SpeechWebQuestions, SpeechTriviaQA,
SpeechAlpacaEval) and our new Chinese bench-
marks (SpeechCMMLU, SpeechHSK). Acoustic
quality is measured via UTMOS and DNSMOS.
Table 6 summarizes the results, with key findings:
(1) GPT-40-Realtime performs best in audio gener-
ation, particularly excelling in English benchmarks.
It consistently produces high-quality, accurate, and
natural-sounding speech, making it one of the top
performers; (2) Qwen3-Omni-30B-A3B-Instruct
and Qwen2.5-Omni outperform GPT-40-Realtime
in acoustic metrics, demonstrating superior sound
quality. These models offer more nuanced au-
dio generation, providing richer and more realistic
speech outputs; (3) Kimi-Audio-7B-Instruct un-
derperforms in acoustic quality, with its generated
speech lacking some naturalness and clarity. This
suggests that improvements are needed to make the
output sound more natural and human-like.

5.3 Audio Codec

We evaluate 9 codecs using our three-dimensional
scheme (semantics: ASR-WER; timbre: speaker
similarity; acoustics: UTMOS/DNSMOS) on Lib-
riSpeech and AISHELL-1. Table 7 and Figure 3
highlight key findings: (1) ASR-WER perfor-
mance shows only limited disparity across mod-
els, whereas timbre fidelity and acoustic quality
exhibit substantially larger variation. These latter
dimensions provide more discriminative signals for
assessing codec performance. (2) The Mimi model
performs best in semantics accuracy and timbre
fidelity, indicating that its token representation ef-
fectively captures both linguistic and timbral infor-
mation from raw audio. (3) We further propose
Figure 3 to compare Mimi codec variants. Com-
paring Mimi (default 32-bit) with Mimi (8bit), the
performance drop is most pronounced in timbre
fidelity, while semantics performance slightly de-
creases, and acoustic quality drops modestly. This
indicates that timbre information relies more heav-
ily on higher bit depths. The streaming variant
further degrades on both timbre fidelity and acous-
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Model Institution Type Modality (Input—Output) Languages
GPT-40-Realtime OpenAl Proprietary ~ Audio + Text — Audio + Text Multilingual
Qwen3-Omni-30B-A3B-Instruct Alibaba Open-Source  Audio + Text — Audio + Text Multilingual
Qwen2.5-Omni Alibaba Open-Source  Audio + Text — Audio + Text  English, Chinese
MiniCPM-o 2.6 OpenBMB  Open-Source  Audio + Text — Audio + Text  English, Chinese
Kimi-Audio-7B-Instruct Moonshot ~ Open-Source  Audio + Text — Audio + Text  English, Chinese
Gemini-1.5-Flash Google Proprietary Audio + Text — Text Multilingual
Gemini-1.5-Pro Google Proprietary Audio + Text — Text Multilingual
Gemini-2.5-Flash Google Proprietary Audio + Text — Text Multilingual
Gemini-2.5-Pro Google Proprietary Audio + Text — Text Multilingual
Qwen2-Audio-7B Alibaba Open-Source Audio + Text — Text Multilingual
Qwen2-Audio-7B-Instruct Alibaba Open-Source Audio + Text — Text Multilingual
MiDaShengLM-7B Xiaomi Open-Source Audio + Text — Text Multilingual
GLM-4-Voice Zhipu AI  Open-Source Audio — Audio English, Chinese

Table 4: Overview of audio foundation models participating in the evaluation.

Model ASR (WER/CER]) AST (BLEUT) EMO (Acc.T) Avg. Scorel
GPT-40-Realtime 8.04/19.76 37.1/15.7 332 73.8
Qwen3-Omni-30B-A3B-Instruct 2.71/3.16 46.6/29.4 56.8 84.9
Qwen2.5-Omni 4.38/4.23 425/11.5 53.6 81.9
MiniCPM-o 2.6 4.07/5.63 48.2/272 524 83.2
Kimi-Audio-7B-Instruct 2.88/3.60 36.6/183 59.2 83.3
Gemini-1.5-Flash 44.37/114.79 33.4/8.2 452 27.8
Gemini-1.5-Pro 4.36/9.49 4731226 48.4 81.1
Gemini-2.5-Flash 12.67/43.77 3.7/10.6 515 62.7
Gemini-2.5-Pro 5.22/887 41.8/27.8 46.6 80.7
Qwen2-Audio-7B 3.78/5.63 45.3/24.8 429 82.1
Qwen2-Audio-7B-Instruct 5.63/7.05 39.5/229 17.4 78.3
MiDaShengLM-7B 29.09/12.55 38.5/22.7 54.0 68.5

Table 5: Overall audio understanding results (Full
results and detailed annotations in Appendix Ta-
ble 9). WER is the mean over LibriSpeech (dev/test
clean/other), TED-LIUM, and CV-15 (en); CER is the
mean over CV-15 (zh), AISHELL-1, FLEURS, and
Wenet-test-net; EMO is accuracy on MELD.

Model English QA (Acc.) ~ Chinese QA (Acc.)  Acoustic (0-5)  Avg. Score]
GPT-4o-Realtime 51.6/69.7/74.0 70.1/98.7 42973441426 74.0
Qwen3-Omni-30B-A3B-Instruct ~~ 51.5/55.3/68.0 47.8140.3 444/345/4.12 572
Qwen2.5-Omni 38.9/39.9/54.0 73.7195.7 423/3.48/4.27 63.7
MiniCPM-0 2.6 40.0/40.2/51.0 51.4/80.7 412/3.39/4.02 56.7
Kimi-Audio-7B-Instruct 33.7/38.2/34.4 713/974 294/322/3.62 56.7
GLM-4-Voice 32.0/36.4/51.0 52.6/71.1 4.21/3.46/4.07 53.6

Table 6: Overall audio generation results (Full re-
sults and detailed annotations in Appendix Table 10).
English QA scores are reported on SpeechWebQues-
tions, SpeechTriviaQA, SpeechAlpacaEval; Chinese
QA scores are reported on SpeechCMMLU and
SpeechHSK; acoustic quality is assessed using UTMOS,
DNSMOS P.835 and P.808.

tic quality.

5.4 Benchmark Relationship Analysis

To better understand the relationships among
benchmarks in the evaluation suite, we analyze
model-level performance correlations across bench-
marks. Specifically, we compute Spearman rank
correlation between benchmark pairs across evalu-
ated models.

As shown in Figure 4, benchmarks within the
same task family tend to exhibit stronger corre-
lations. For example, the LibriSpeech splits are
highly correlated with each other, indicating that
they provide consistent ASR ranking signals under

Model Semantics (ASR-WER|) Timbre (SIM1) Acoustics (0-5)  Avg. Scoret
Encodec-24k 4.3 (en)/ 14.0 (zh) 59.4 (en)/47.5 (zh)  1.58/3.12/2.36 652
Encodec-48k 3.8 (en)/ 6.9 (zh) 66.0 (en) / 68.8 (zh)  1.52/2.88/2.42 69.6
ChatTTS-DVAE 6.8 (en) / 32.4 (zh) 36.2 (en) /324 (zh)  1.30/2.66/2.11 52.9
Mimi (32bit) 2.0 (en) / 2.8 (zh) 92.7 (en) / 84.8 (zh)  3.83/2.87/2.44 81.0
Mimi (8bit) 2.8 (en) /6.8 (zh) 73.1 (en)/60.6 (zh) ~ 3.52/2.78/2.37 727
Mimi-streaming (8bit) 6.2 (en)/ 19.6 (zh) 54.3 (en)/40.7 (zh)  1.65/2.78/2.37 61.4
WavTokenizer-large-75 4.1 (en) /9.0 (zh) 68.2 (en) /643 (zh)  4.01/3.64/3.26 76.7
‘WavTokenizer-large-40 7.7 (en) / 25.5 (zh) 56.6 (en) /49.2 (zh)  3.78/3.70/3.13 69.2
Spark 2.5 (en) /3.7 (zh) 79.5 (en)/74.8 (zh) ~ 4.18/3.85/3.24 82.3

Table 7: Overall audio codec results (Full results and
detailed annotations in Appendix Table 11). Seman-
tics: ASR-WER on LibriSpeech test-clean (en) and
AISHELL-1 (zh); Timbre: speaker similarity (SIM);
Acoustics: UTMOS / DNSMOS P.835 / P.808.

100 Mimi Family Performance Comparison

80

40

Score

ASRWER
= Timbre Similarity
—+— Speech Quality

O Wi Mimi(8bit)
Model Family

Mimi-Streaming(8bit)

Figure 3: Mimi family performance comparison. Note
that ASR-WER is normalized as (100 - WER), and
speech quality scores (acoustic scores) are scaled by a
factor of 20 for visualization.

different splits. Similarly, several Chinese ASR
benchmarks, such as CV-15 zh and Wenet-test-net,
also show strong correlations, suggesting partial
overlap in the model capabilities they measure.
These high correlations should not be interpreted as
making the benchmarks unnecessary, since differ-
ent splits and datasets still cover different acoustic
conditions and data distributions. However, they
only indicate partially overlapping ranking signals
on the currently evaluated models, rather than in-
trinsic redundancy between benchmarks.

In contrast, cross-task correlations are generally
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Figure 4: Spearman correlation heatmap among au-
dio understanding benchmarks. WER/CER metrics are
converted to 100 — x, while other metrics are kept un-
changed. Correlations are computed across evaluated
models.

weaker. The AST benchmarks and the MELD emo-
tion recognition benchmark show relatively low
correlation with many ASR benchmarks, indicat-
ing that they capture capability dimensions that
are not fully explained by speech recognition per-
formance. Due to space constraints, we provide
the corresponding correlation analysis for the other
leaderboards in Appendix B and Appendix C.

5.5 Ranking Robustness

The average score reported in our leaderboards
is designed as a simple and transparent summary
for quick comparison. For heterogeneous evalua-
tion suites, the choice of aggregation rule is partly
a convention. Different normalization or bench-
mark weightings may emphasize different aspects
of model behavior. We therefore test leave-one-
benchmark-out (LOBO), leave-one-task-group-out
(LOTGO), and two alternative normalizations: z-
score and min-max normalization. As shown in
Table 8, the original normalization and aggrega-
tion protocol exhibits reasonable robustness overall,
with the main exception being MiDaShengL.M-7B,
whose ranking is sensitive due to its TED-LIUM
result in Table 9.

6 Conclusion

In this paper, we introduce UltraEval-Audio, the
first unified evaluation framework for comprehen-
sive assessment of audio foundation models. We
construct a complete audio evaluation taxonomy en-

LOBO LOTGO
Best Worst Best Worst Best Worst

Alt-norm

Model Original

Qwen3-Omni-30B-A3B-Instruct
Kimi-Audio-7B-Instruct
MiniCPM-o0 2.6
Qwen2-Audio-7B
Qwen2.5-Omni

Gemini-1.5-Pro

Gemini-2.5-Pro
Qwen2-Audio-7B-Instruct
GPT-40-Realtime
MiDaShengL.M-7B
Gemini-2.5-Flash 10 11
Gemini-1.5-Flash 12 12 12

e R R e Y
000 00 OO B W =
[ R N

[
SooSoNauswn =
SCoSoNonhwL -

©
5}

Table 8: Ranking sensitivity analysis on the Audio Un-
derstanding leaderboard. Original: rank under the pub-
lished rule. LOBO (Leave-One-Benchmark-Out): the
best and worst rank a model attains when one bench-
mark is removed at a time; a wide gap exposes over-
reliance on a specific dataset. LOTGO (Leave-One-
Task-Group-Out): the best and worst rank when an
entire task group (ASR / AST / EMO) is removed in
turn. Alt-norm: the best and worst rank under two al-
ternative normalization schemes: z-score normalization
and min-max normalization.

compassing tasks and benchmarks. Building upon
this, we implement a modular evaluation frame-
work, which we then use to evaluate and analyze
the performance of popular models across audio
understanding, audio generation, and audio codec
tasks.

7 Limitations and Future Directions

Our limitations are as follows. First, some cur-
rent speech benchmarks rely on transcribed text as
input for GPT-based evaluators rather than raw au-
dio. This design introduces a dependency on ASR
performance, which may propagate transcription
errors into downstream judgments. Future work
should therefore explore evaluation pipelines that
operate directly on raw audio signals. In addition,
the existing evaluation metrics are predominantly
technical and do not adequately capture human
perceptual factors, such as prosody, emotion, and
whether the tone of the system’s reply is appropri-
ate for a given conversational context.

For future work, we plan to continuously up-
date and refine the leaderboards, improve inference
capabilities (e.g. multi-GPU support), and incorpo-
rate evaluation methods that evaluate responses di-
rectly from raw audio. These enhancements will in-
crease the comprehensiveness and reliability of au-
dio foundation model evaluation, providing clearer
guidance for the advancement of the field.
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A Audio Codec Models

Audio codec models participating in the evaluation
include Encodec (Défossez et al., 2022), ChatTTS-
DVAE?, the Mimi (Défossez et al., 2024) fam-
ily, WavTokenizer-large-speech-75token (denoted
as WavTokenizer-large-75)° , WavTokenizer-large-
unify-40token (denoted as WavTokenizer-large-
40)* (Ji et al., 2024) and Spark (Wang et al., 2025b).

B Audio Generation Spearman
Correlation

Speech WebQuestions

Speech TriviaQA
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e ..- -
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Figure 5: Spearman correlation heatmap among audio
generation benchmarks.
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Figure 6: Spearman correlation heatmap among audio
codec benchmarks.

*https://github.com/2noise/Chat TTS

3https://huggingface.co/novateur/WavTokenizer-large-
speech-75token

*https://huggingface.co/novateur/WavTokenizer-large-
unify-40token
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ASR AST EMO

LibriSpeech
Model dev-clean | dev-other

CV-15 ‘Wenet Avg. Score (1)
test-clean | test-other TED-LIUM enlzh AISHELL-1 FLEURS -test-net covost2-en2zh covost2-zh2en MELD

WER (1) WER(}) WERICER() CER()) CER(}) CER(}) BLEU(1) BLEU({) Acc. (]

GPT-do-Realtime S 601550 480 274413744 730 540 2890 37.10 15.70 33.20 7375
Qwen3-Omni-30B-A3B-Instruct ALY 2.82 6.0014.32 0.87 261 482 4658 29.40 56.81 84.92
Qwen2.5-Omni %:411?) } iﬁgg 470 8.7015.20 1.10 460 6.00 42.50 11.50 53.60 81.88
MiniCPM-0 2.6 Loolad0 3.00 10.3019.60 1.60 440 690 4820 2720 52.40 83.15
Kimi-Audio-7B-Instruct 120504 2.96 7.0015.72 0.60 253 555 36.61 1830 59.23 83.27
Gemini-1.5-Flash 219011490 690 2080018437  9.00 8500 27990 3340 8.20 4520 27.80
Gemini-1.5-Pro 5501450 3.00 8.36113.26 450 590 1430 4730 22,60 48.40 81.09
Gemini-2.5-Flash 3581 13,08 353 46.76136.15 6.40 645 12607 3.67 10.61 5153 62.67
Gemini-2.5-Pro 3341634 2.52 9.42111.04 3.36 425 1683 4175 27.84 46.59 80.72
Qwen2-Audio-7B Le01528 343 8.6717.03 1.52 580 8.09 4530 24.84 42.87 82.14
Qwen2-Audio-7B-Instruct 30137 5.90 10.6818.39 2.60 690 1030 39.50 22.90 17.40 78.29
MiDaShengLM-7B AP 14653 13.66129.13 123 328 1656 38.52 22,68 53.96 68.50

Table 9: The audio understanding leaderboard. Best results are in bold. The average score is computed as the mean
of all available metric scores, where WER-based metrics use (100-WER) and other metrics (e.g., BLEU/Acc.) are
unchanged. WER/CER values can be greater than 100 when the total number of recognition errors exceeds the
number of reference words/characters.

Speech Speech Speech Speech  Speech
WebQuestions TriviaQA AlpacaEval CMMLU HSK Acoustics

Models Avg. Score (1)
Acc. (1) Acc. (1) Acc. (1) Acc. (1) Acc. (1) Acoustics (1)
GPT-40-Realtime 51.60 69.70 74.00 70.05 98.69 4.2913.4414.26 74.00
Qwen3-Omni-30B-A3B-Instruct 51.50 55.27 67.97 47.83 40.27 4.4413.4514.12 57.15
Qwen2.5-Omni 38.89 39.94 54.00 73.72 95.65 4.2313.4814.27 63.68
MiniCPM-o 2.6 40.00 40.20 51.00 51.37 80.68 4.1213.3914.02 56.69
Kimi-Audio-7B-Instruct 33.69 38.20 34.40 71.25 9742 2.9413.2213.62 56.69
GLM-4-Voice 32.00 36.40 51.00 52.61 71.06 4.2113.4614.07 53.56

Table 10: The audio generation leaderboard. Acoustic metrics (UTMOS | DNSMOS P.835 | DNSMOS P.808, scores
range from O to 5) are evaluated on the generated audio responses from the speech tasks. Best results are in bold.
Note: The average score is computed as the average of 6 scores: five speech-task scores and normalized acoustic
scores. For acoustic scores (UTMOS | DNSMOS P.835 | DNSMOS P.808), each value (0-5) is multiplied by 20 to
map to 0-100, then averaged to obtain the normalized acoustic score.

Models LibriSpeech-dev-clean LibriSpeech-test-clean AISHELL-1 Avg. Score (1)
ASR-WER (|) SIM (1) Acoustics (1) ASR-WER ({) SIM (1) Acoustics (1) ASR-CER (}) SIM (1) Acoustics (1)
Encodec-24k 4.56 59.40 1.5813.1212.36 4.32 59.40 1.5713.1212.36 13.95 47.48 -129312.03 65.24
Encodec-48k 3.85 65.53 1.5212.8812.42 3.80 66.00 1.4812.8712.40 6.85 68.78 -12.7912.21 69.59
ChatTTS-DVAE 7.49 3483 1.3012.6612.11 6.75 36.21 1.2912.6412.12 32.36 3236 -12.2411.57 52.86
Mimi (32bit) 2.04 92.18 3.8312.8712.44 1.96 92.68 3.8412.9212.49 2.82 84.80 -12.4311.89 80.96
Mimi (8bit) 2.76 72.15 3.5212.7812.37 2.83 73.13 3.5312.8312.43 6.82 60.63 -12.4212.04 72.72
Mimi-streaming (8bit) 6.76 54.02 1.6512.7812.37 6.19 5432 1.6312.8312.43 19.62 40.67 -12.4212.04 61.37
WavTokenizer-large-75 4.31 69.97 4.0113.6413.26 4.05 68.15 4.0013.6313.27 8.97 64.27 -13.1112.85 76.67
WavTokenizer-large-40 8.13 60.26 3.7813.7013.13 7.73 56.63 3.7713.7013.16 25.52 49.21 -13.1312.50 69.18
Spark 2.39 7994 4.1813.8513.24 2.53 79.53 4.1813.8313.24 3.66 7476 -13.6312.85 82.29

Table 11: The audio codec leaderboard. The hyphen (-) indicates that UTMOS is not applicable to Chinese speech
(AISHELL-1). Best results are in bold. Note: For acoustic scores we also use UTMOS, DNSMOS P.835, and
DNSMOS P.808 metrics. To calculate the average score, for ASR-WER and ASR-CER, we calculate 100 — val.
For acoustic scores, each available value (ranges from 0 to 5) is normalized by 20 x val (mapping to 0-100), and
the acoustic score is their average (the hyphen ‘-’ is ignored). The final score is the average of 9 metric scores.
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