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Workshop Agenda

10:15 AM 10:25 AM A Welcome and Introduction Wenwu Wang
10:25 AM 10:35 AM 0:10 Baseline Sharing Yadong Niu
10:35 AM 10:40 AM 0:05 Award winners with certificates Wenwu Wang
10:40 AM 10:50 AM 0:10 Share thoughts on neural audio codec Wenwu Wang
10:50 AM 10:55 AM 0.05 Q&A by Wenwu Wang Wenwu Wang
10:55 AM 11:00 AM 0:05 Share thoughts on data related topics Helen Wang
11:00 AM 11:10 AM 0:10 Presentation 1 by Team Audiocodec T
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Audiocodec

11:10 AM 11:15 AM 0:05 Q&A by Team Audiocodec
11:15 AM 11:25 AM 0:10 Presentation 2 by Team SAMoVA T
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SAMoVA

11:25 AM 11:30 AM 0:05 Q&A by Team SAMoVA




Challenge Introduction



Motivation
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Introduces several key enhancements: a diverse task set, a focus on
real -world applications, a combination of parameterized and
parameter -free evaluation, and a new open -sourced, efficient
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Timeline

Registration kick - off
2025/02/07

Data release Baseline systemirelease
2025/021077 2025/021077

\ 4

Deadline-for registration
2025/04101

\ 4

Deadline:for result'submission
2025/04/30

\ 4

Woarkshopat ICME 2025
2025/07/01




Statistics
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Leaderboard

Track A: MLP Results

Affiliation Team ISE IIEE Ve
Score
ByteDance audiocodec 0.865
ByteDance GAEBT 0.860
ByteDance AudioX 0.836
Alibaba Aluminumbox 0.807
NTT Probin 0.709

IRIT SAMoVA 0.516



Leaderboard

Track B: KNN Results

Affiliation Team WISE IS AVEEEE
Score
ByteDance audiocodec 0.792
ByteDance GAEBT 0.782
ByteDance AudioX 0.778
NTT Probin 0.710
Alibaba Aluminumbox 0.641

IRIT SAMoVA 0.480



Best Result in Each Track

Track A: MLP Results ByteDance audiocodec 0.865

Track B: KNN Results ByteDance audiocodec 0.792



Baseline Sharing

Yadong Niu @



Motivation

AAudio models exhibit a generalization gap:
V speechtrained models not work well for sounds
V Sound pretraining does not work for speech

ASelfsupervised learning (SSL) audio representations show promise
but lack exploration in scaled model and dataset sizes for €ross
domain generalization.

ANeed for a unified encoder to bridge speech, sound, and music
domains efficiently.



Proposed Method: Dasheng
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Fig. 1. TheDashendlraining Framework

Dasheng: Deep Audio-Signal Holistic Embeddings

Features

Vtraining-data: 272k hours
V parameters: maxto 1.2B
V frame-level representation
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Dominant Results

AEvaluation on HEAR BenchmértkshengBlueline in Fig.2)
AEmbeddings inherently capture rich information across domains

Table 1. Evaluation using aMN classifier

sssssssssssssssssssss
ccccccc

. . Dasheng

Domain Task AudioMAE Base 06B 12B
ESC50 53.1 61.9 66.6 68.6

Env FSDK18 43.4 703 721 721
US8k 58.2 739 759 717

Music NSinst 67.2 70.0 709 71.2
SPC1 56.9 93.6 934 959

SPC2 5.9 86.0 873 90.9

e S S Speech  VoxCelebl 29 342 378 394
RAVDESS 28.7 58.1 61.8 61.9

FSC 7.6 523 57.6 624

Fig. 2. Evaluation on the HEAR benchmark



Dominant Results

AEvaluation: YARES Benchmark

V Domain: speech, sound, music

V TracksParametric &on-parametric Table2. Average result on JARESBenchmark

Domain Dataset Task Type Metric n-classes Track B Hidden
Sound Clotho Sound retrieval Recall@1 - X X
DESED Sound event detection Segment-F1 10 v X
Domain Dataset Task Type Metric n-classes  TrackB  Hidden ESC-50 Environment classification  Acc 50 v X
Speech ASV2015 spoofing detection EER. 2 X Finger snap sound Sound event detection Acc 2 v v
CREMA-D Emoticn recognition Acc 5 Ve 'S FsD18-Kaggle Sound event detection mAp 41 X X
Fluent Speech Commands  Intent classification Acc 248 v X FSDS0k Sound event detection MAP 200 X X
LibriCount speaker counting Acc 1 i X Inside/outside car Sound event detection Acc 2 v v
Librispeech Gender classification Acc 2 J X Key scratching car Sound event detection Acc 2 v v
Librispeech Speech Recognition IWER ¥ X LiveEnv sounds Sound event detection mAP 13 X o
Speech Commands Keyword spotting Act 20 J X Subway broadcast Sound event detection Acc 2 o o
vocalsound Non-speech sounds Acc G Y. X UrbanSound 8k Urban sound classification  Acc 10 o X
VoxCaleb1 Speaker identification Ace 1251 . X Music Free Music Archive Small Music genre classification Acc 8 v X
VoxLingua107 Language identification Acc 33 v X GTZAN Genre Genre classification Acc 10 v *
MAESTRO Mote dlassification Acc 28 v X
MNSynth-Instruments Instruments Classification Acc " v X
NSynth-Pitch Pitches Classification Acc 128 v X
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Dominant Results

AEvaluation: YARES Benchmark

Table3. Average result on XARES Benchmark

Public 0.699 0.490 0.632 0.598
Dataset

KNN 0.504 0.262 0.299 0.388
Total MLP 0.801 0.664 0.740 0.694
Dataset

KNN 0.683 0.469 0.475 0.455



Conclusion

AAudio encoders are vital for unified audio understanding, closing
domain gaps through scaled SSL.

ACollaborative focus on speech, sound, and music enables
generalizable models with realorld impact.

AFuture: unified audio understanding + generation ?
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Award Winners with Certificates

UNIVERSITY OF

Wenwu Wang : SURREY



1st Place of Track A

Sertificate of honor

THIS CERTIFICATE IS PRESENTED TO

Linping Xu

(audiocodec)

The 1% place

of Track A:Linear Fine-Tuning on Task-Specific Data

ICME 2025 Audio Encoder Capability Challenge

In conjuntion with ICME 2025
June 30th - July 4th 2025, Nantes, France

/Oj«ﬁ/ “7’“»&747 (7&0/07 N Xiaoman Wang
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Team: audiocodec Linping Xu



2nd Place of Track A

Sertificate of honor

THIS CERTIFICATE IS PRESENTED TO

Jawel Jiang )
(GAEBT) =

The 2™ place

of Track A:Linear Fine-Tuning on Task-Specific Data

ICME 2025 Audio Encoder Capability Challenge

In conjuntion with ICME 2025
June 30th - July 4th 2025, Nantes, France

/-/)*"i‘/ “7M£, 74}7 Wmﬁ Vil Xigoman Wan 9

@ ¥ SURREY DataoceanAl
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Team: GAEBT Jiawel Jiang



2nd Place of Track A

Sertificate of honor

THIS CERTIFICATE IS PRESENTED TO

Qingbo Huang

(AudioX)

The 2" place

of Track A:Linear Fine-Tuning on Task-Specific Data

ICME 2025 Audio Encoder Capability Challenge

In conjuntion with ICME 2025
June 30th - July 4th 2025, Nantes, France

ST Junds 2oy ooy Vil YizomanWang

@ ¥ SURREY DataoceanAl
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Team: AudioX Qingbo Huang



3rd Place of Track A

Qertificate of honor

THIS CERTIFICATE IS PRESENTED TO
Shikhar. Hygjin Shim. Samuele Comell, Kwangfiee Choi. Salou Fukayama,
( W/ljeea/em Jung. Sotam Deshmukts. Shinji Walanabe
(CMU)

The 3 place

of Track A:Linear Fine-Tuning on Task-Specific Data

ICME 2025 Audio Encoder Capability Challenge

In conjuntion with ICME 2025
June 30th - July 4th 2025, Nantes, France

/O»«—ﬁ" _7‘“& 74,7 gaa/mﬁ ik Xigoman Wan 9

@ ¥ SURREY DataoceanAl

Team: CMU

Shikhar, Hyejin Shim, Samuele Cornell, Kwanghee Choi,
Satoru Fukayama, Jeeweon Jung, Soham Deshmukh,
Shinji Watanabe
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3rd Place of Track A

Sertificate of honor

THIS CERTIFICATE IS PRESENTED TO
(Alumi;"iun;'box)

The 3 place

of Track A:Linear Fine-Tuning on Task-Specific Data

ICME 2025 Audio Encoder Capability Challenge

In conjuntion with ICME 2025
June 30th - July 4th 2025, Nantes, France

/Q’"ﬁ/ “7“»4& ?’4{)7 gao/my Vi Xigoman Wang

@ ¥ SURREY DataoceanAl
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Team: Aluminumbox Xiang Lyu



3rd Place of Track A

Sertificate of honor

THIS CERTIFICATE IS PRESENTED TO

Daisusee Niizumi )
(Probin M2D)

The 3" place

of Track A:Linear Fine-Tuning on Task-Specific Data

ICME 2025 Audio Encoder Capability Challenge

In conjuntion with ICME 2025
June 30th - July 4th 2025, Nantes, France

ﬁ»ﬁ’ ‘7,,\ Wee) ~ (7&0/?“‘77/‘/’ u , Xiaoman Wang

@ ¥ SURREY DataoceanAl

Noa0n
TSN

Team: Probin M2D Daisuke Niizumi



3rd Place of Track A

Z
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Sertificate of honor

THIS CERTIFICATE IS PRESENTED TO

Ludovic Tuncay

(SAMoVA) =

The 3 place

of Track A:Linear Fine-Tuning on Task-Specific Data

ICME 2025 Audio Encoder Capability Challenge

In conjuntion with ICME 2025
June 30th - July 4th 2025, Nantes, France

/ﬁ»«—ﬁ" _ju W 7{;7 W(Jﬂy il Xiaoman Wang

¥ SURREY DataoceanAl

Team: SAMoVA
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1st Place of Track B

Sertificate of honor

THIS CERTIFICATE IS PRESENTED TO

) Linping Xu

(audioé’odec)

The 1%t place

of Track B:Unparameterized Evaluation

ICME 2025 Audio Encoder Capability Challenge

In conjuntion with ICME 2025
June 30th - July 4th 2025, Nantes, France

/O*“’ﬁ’ hjw«& 747 Wmﬁ il Xiaoman Wang

@ ¥ SURREY DataoceanAl
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Team: audiocodec Linping Xu



2nd Place of Track B

oS WeRo

Z Y
Sertificate of honor

THIS CERTIFICATE IS PRESENTED TO

( Jawei Jamg )
q (GAEBT) A
S The 2" place 2
C? of Track B:Unparameterized Evaluation ?

. ICME 2025 Audio Encoder Capability Challenge S

In conjuntion with ICME 2025
June 30th - July 4th 2025, Nantes, France

POFT ods oy ooy Vit Sisoman Wang
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Team: GAEBT Jiawel Jiang



2nd Place of Track B

Qertificate of honor

THIS CERTIFICATE IS PRESENTED TO

Qingbo Huang )
(AudioX)
The 2" place %

of Track B:Unparameterized Evaluation

ICME 2025 Audio Encoder Capability Challenge

In conjuntion with ICME 2025
June 30th - July 4th 2025, Nantes, France

/)"ﬁ/ 7M£, 747 (700/"7(7 / Vil Xigoman Wang

@ ¥ SURREY DataoceanAl

DN 2P /4

cos\/l=204

Team: AudioX Qingbo Huang



3rd Place of Track B

coa\aoy

Qertificate of honor

THIS CERTIFICATE IS PRESENTED TO
Shiktar, A’M‘/L Shim, Samuele Comel, K’{//Mgﬁxze Choi, Satoue f?z/éa//(ww.

Z Y

¢ = Seeweon Jung. Solam Desmukh, Skinji Watanabe )
(CMU) )
= The 3" place 27
'J(Sf’ of Track B:Unparameterized Evaluation \%

ICME 2025 Audio Encoder Capability Challenge

In conjuntion with ICME 2025
June 30th - July 4th 2025, Nantes, France

/O”“ﬁ/ 7M£, ?47 gaalmi : Vil Xiaoman Wang

@ ¥ SURREY DataoceanAl

Team: CMU

Shikhar, Hyejin Shim, Samuele Cornell, Kwanghee Choi,
Satoru Fukayama, Jeeweon Jung, Soham Deshmukh,
Shinji Watanabe




3rd Place of Track B

Sertificate of honor

THIS CERTIFICATE IS PRESENTED TO
(AIumiFrumvbox)

The 3™ place

of Track B:Unparameterized Evaluation

ICME 2025 Audio Encoder Capability Challenge

In conjuntion with ICME 2025
June 30th - July 4th 2025, Nantes, France
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3rd Place of Track B

Qertificate of honor

THIS CERTIFICATE IS PRESENTED TO

¢ Daisue Nigums \
(Probin M2D)

S The 3 place =

Cg/ of Track B:Unparameterized Evaluation %’

ICME 2025 Audio Encoder Capability Challenge

In conjuntion with ICME 2025
June 30th - July 4th 2025, Nantes, France

. /{)’"ﬁ/ ‘7«“& 74-7 gaﬁ/my ik XYigoman Wang )

@ ¥ SURREY DataoceanAl

Team: Probin M2D Daisuke Niizumi



3rd Place of Track B

Sertificate of honor

THIS CERTIFICATE IS PRESENTED TO

Ludovic Tuncay
(SAMoVA)

The 3 place

of Track B:Unparameterized Evaluation

ICME 2025 Audio Encoder Capability Challenge

In conjuntion with ICME 2025
June 30th - July 4th 2025, Nantes, France

/Q""ﬁ/ hju 4 ?’4}7 Wmﬁ il Xiaoman Wang

@ ¥ SURREY DataoceanAl
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Team: SAMoVA Ludovic Tuncay



Reminder
If you did not join ICME in person | we will send the

e-certificate by email after the workshop.
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Centre for Vision,
Speech and Signal
Processing

Neural Audio Codec

Wenwu Wang
Centre for Vision, Speech and Signal Processing (CVSSP)

University of Surrey
United Kingdom

&
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Outline

ABackground: Audio Codec & Neural Audio Codec
AMotivation: Limitations with Current Neural Codecs
AProposed Method:Semanti Codec

AExperimental Results

AConclusions and Future Works

71212025
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Audio Codec

AA device or software that encodes or decodes digital audio data for
transmission, storage, or playback.

ACampressordecompressorh G/ 2 RS O¢
AMP3, FLAC, AAQorbis etc.

71212025 37



Neural Audio Codec

A SoundStream(Zeghidouret al. 2021)
AEncodec (Défossezet al. 2021)
ADescript (Kumar et al. 2023)
AHiFi-Codec (Yang et al. 2023) . iﬂgsig:;z:;t;ri s
A SpeechTokenize(Zhang et al, 2023) | |

ACodec Superb Benchmark (Wu et al. 2024)
A https://github.com/voidful/Codec -SUPERB

Ep D

Coder £ De codet

71212025 38


https://github.com/voidful/Codec-SUPERB
https://github.com/voidful/Codec-SUPERB
https://github.com/voidful/Codec-SUPERB
https://github.com/voidful/Codec-SUPERB
https://github.com/voidful/Codec-SUPERB
https://github.com/voidful/Codec-SUPERB

Limitations of Current Neural Codecs

AHigh token rate (long token sequence)
Ae.g., 6kbps Descript audio codec has 600 tokens per second
AMake auto-regressive modeling challenging and computational expensive

APoor reconstruction quality at low bit rate (e.g., 0.6 kbps).

AMost previous studies work on bit rate > 2kbps
ACan we go further under 1.0 kbps?

AFalling short in capturing semantic information

AFor example, latent encodings given by 6kbps achieved an average
accuracy of only 33% on the HEAR benchmark, whikudioMAElatent
encodings achieved an accuracy of 61% (without finetuning).

71212025 39



Motivations

AShorter sequence: Lower token rates at 25, 50, or 100 tokens
per second.

ABetter reconstruction at lower bit rate: 0.3~1.4 kbps

Almproved semantic in the codec tokens (which potentially can
lead to better language modelling)

71212025 40
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71212025 h haoheliu.github.i manti

SemantiCodec

AUItra-low bit rate (0.31 kbps ~1.40 kbps, token rate 25, 50, or 100 per second)

Large scale kmeans is challenging

AudioSet+ Million Song Dataset €sigaSpeech
https://github.com/haoheliu/kmeans_pytorch

& Strong semantics in the toker& Variable vocabulary sizes

Semantic Clustering

CrossAtten

41


https://haoheliu.github.io/SemantiCodec/
https://github.com/haoheliu/kmeans_pytorch

Experimental Evaluations

AMetrics:
AMEL: Mel spectrogram distance
ASTFT: Shortime Fourier Transform Distance
AViSQOL Virtual Speech Quality Objective Listener Score
AWER: Word Error Rate
AAccuracy: Audio classification task accuracy
AMUSHRA Scores

ADatasets (we only use audio):

AGigaSpeech(10K hours), Million Song Dataset (510K music tracks),
MedleyDB(122 tracks), MUSDB18 (10 hoursAudioSet(2M),VGGSound
(190K),WavCaps(7K hours)

71212025
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Experimental Evaluations

ABaselines:
A Encodec (EC): 23M parameters
A Descript Codec (DAC): 74M
A HiFi-Codec (HC): 63M

AEvaluations:

A Reconstruction performance evaluation:LibriTTSclean test set (300 speech
utterances), AudioSetgeneral sound (500 audio signals), MUSDB18 (50 songs
covering vocals, drums, bass, etc.); 1050 audio clips in total

A Semantic information evaluation: HEAR benchmarkNSPitch, ESG50,
LibriCount, CREMAD, Vocal Imitations {/olmit), Speech Commands(SC))

A Subjective evaluations: MUSHRA test: 10 raters, 10% of evaluation data (25
music tracks, 30 speech recordings, and 50 general sound samples)

71212025 43



Samples Comparison

GroundTruth DAC 0.47kbps DAC 0.71kbps DAC 1.41kbps DAC 6.0kbps EC 6.0kbps

0051152253 0051152253 005115225 3 0051152253 005115225 3 0051152253
Time Time Time Time Time Time

0051152253 0051152253 0051152253 0051152253 0051152253 005115 2 25 3
Time Time Time Time Time Time

Fig. 3. The log-STFT spectrogram of the ground truth audio and the reconstruction audio with different audio codecs. DAC, EC, HC, and SC are the descript
codec, Encodec, HiFi-Codec, and SemantiCodec, respectively.

71212025 44



Visual Comparison

ABetter reconstruction with a lower bit rate
ABetter semantic in the audio token (potentially better Audio LLM?)

ViSQOL Avg vs. Accuracy MUSHRA Scores by Bitrate
52.51 @ Descript Audio Codec 1.40kbps — . ____________________________________________________ .
g Encodec % —e— Proposed
kv L e 4 .
Bsoof| § Mmivke s —— Descrit
Eel
) s Encodec
P .-~ SemantiCodec 801
2475 (Proposed) ---- Reference
f = '
< 0.35kbps — & @ ---- Anchor
§450 0.78kbps LLnCJ’ 704 T
2 No-—— @ < H/PKOP 1.40kbps
o425 "’I’)’ ot 1.41kbps-~ T
= - escrip . ) . 0.35kbps
5 w\ Audio - pd & 60 P
$40.01 g.47kbps Codec N = 1.41kbps
. 2.0kbps “-_ 50
g 375 \\ N U VOSSPV SRR SRSV USPRRPRN I PURVUPRSVRIVUSUSN SYRSPUS USRS RVRSEN SR =yl U S —
z . /
® S
E S 0.78kbps
235.0 *Qkbps . 40 0.47kbps P 1.5kbps
< 1.5kbps
25 30 35 40 i 0.0 0.2 0.4 0.6 0.8 1.0 1.2 1.4
ViSQOL Avg 1 - Reconstruction Quality of Audio Codec Bitrate (kbps)

Sound demos:  https://haoheliu.github.io/SemantiCodec/

71212025 45



https://haoheliu.github.io/SemantiCodec/

Demos

Original HiFiCodec  Encodec  DAC SemantiCodec DAC SemantiCodec
(2.0 kbps) (1.5 kbps) (1.41 kbps) (1.43 kbps) (0.47 kbps)  (0.35 kbps)

Music

(MUSDB18)
General Audio

(AudioSe}

Speech

(Libri)

More sound demos: https://haocheliu.github.io/SemantiCodec/

H. Liu, X. Xu, Y. Yuan, M. WuW. Wang, M.D.Plumbley "SemantiCodecAn Ultra Low Bitrate Semantic Audio Codec for
General Sound JEEE Journal on Selectdapics in Signal Processingol. 18, no. 8, pp. 1448 461, 2024.

71212025 46


https://haoheliu.github.io/SemantiCodec/

Conclusion & Future Work

A We have presentedSemantiCodec, which produces audio
tokens of more semantic , lower token rate , with thus enabling
ultra-low bit rate audio codec, and works for any length audio.

A Future works:

71212025

A
A
A

How does the semantic of audio token related with LM

performance?
Can shortened audio token sequence alleviate LM robustness

Issue?
Specialized SemantiCodec

47
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Take Aways

AArxivPaper: https://arxiv.org/abs/2405.00233
AProject Page:https://hacheliu.github.io/SemantiCodec/

AOpen-source Code:https://github.com/haoheliu/SemantiCodec -
Inference

ADemos: https://haoheliu.qgithub.io/SemantiCodec/

71212025 49
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High - Quality ASR Dataset for Incarbin and outside DataoceanAl

Overview

Volume : 15,000 Sentences (10,000 for training / 5,000 for evaluation)

Participants : 430 speakers

Recording Location :Inside and outside vehicles

Scenarios : Outdoor and underground parking lots

www.dataoceanai.com




DataoceanAl

High -Quality ASR Dataset for Incarbin and outside

Data Collection Details (In  -Car) Data Collection Details (Outside -Car)

5 fixed speaker positions A 4 recording positions around the vehicle

Microphone fixed at point A A Microphone fixed at point A
7,500 sentences total (1,500 per point)

: . Recording Condition
Recording Conditions Windows fully ogen HONS

Windows fully closed Windows fully closed
Window slightly open near the sound source Windows slightly open




Off -The -Shelf Datasets

Over 1600 OTS datasets readytogo |

NATURAL LANGUAGE

SPEECH RECOGNITION
WY  SoEECHSYNTHESIS 138 PREEliIEEIERRIEION PROCESSING
Application Scenarios
Personal assistant, voice input, smart home, Intelligent driving, mobile socialization, virtual CoT, coding, machine translation,
intelligent customer service, robot, voice humans, smart finance, smart transportation, intelligent Q&A, information extraction,
navigation, intelligent broadcast, voice smart city, OCR recognition, etc. sentiment analysis, etc.

translation, mobile social networking,
virtual human, smart finance, etc.




High Quality 100+ Languages Speech Dataset

v »
259,672 hours Chinese
Mandarin dialects Indonesian
LETN I CHETCR 16 kHz/44.1 kHz/48 kHz ‘ Ukrainian Czech Arabic Hungarian

Spanish

(e [d:clis4  Approximately even
Topic Distribution Age Distribution

8 Portuguese

celebrity 1.97%
work

v
Cantonese

travelling

Japanese
sports

social pEE——— R
networks fiends
shopping
P Rews life
music

el ey ®3-6Age m7-12Age W13-18Age W 19-30 Age
®31-45 Age ®46-60 Age ® >60 Age

Italian

English Korean French ' Romanian
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DQFAudio Encoder:
A Solution for Audio Downstream Tasks
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ByteDance

bl ZFIRIEN

A Tasks Analysis A Model Ensemble
A Pre & Postprocessing A Model Fine-tuning
- D
Dasheng-1.2B MLP Supervision Loss ]
Audio . /
- D
Qwen2-Audio MLP Supervision Loss ]
Finetune ~ ~

Simple System _ _

Description Inference
Preprocessing ‘[ Dashen g- 1.2B ]7 Postprocessing
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A Tasks Analysis

U 23 Task<€Evaluation Weight U Model Selection & Fing¢uning
A Clip-Level Tasks: 67+% (by task type) A Integrateaudio and speechmodel

A Classification Tasks: 62+% (by type & metrics; A Finetuning focusclip classificationtasks
A Speech Recognitio26+%

Taskstype eval weight Metricstype eval weight @

D3%)
asr (26.22%) U Evaluation Efficiency optimization

A 14 quickrepresentative tasks fdevelopment
A Process split: Encode
GOl A Benefits:Faster resultsAHigher GPU efficiency

mAP (5.24%

® accuracy ® recallatk_r1 ® segmentfi

® r e cli ® other
as clip others mAP ® WER_inv

Note: Developmentime Xaresevaluation stats, not synced with latest commit.
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A Pre & Postprocessing

Silent Padding Impact on Embeddings

Evaluation Audio Analysis

Long silent segment§ OO0 . 5s)

Fixed-length input requirement (e.gDashendl0s, Whisper 30s)
Silence paddingfor suzlength sequenceagheninference

U

Silent segments influence
Dilutes effective informationin audio features
Degrade® n c o pesformasicespeciallyClip-Level Tasks

To o o C:

o o C:
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A Pre & Postprocessing

U Preprocessing
A Detect & filter silent segments (10ms units)
A Applied DC removal + amplitude normalization

U Postprocessing
A Remove invalid features from silent padding

U Impact 14 tasks' weighted scores 1./

A Remove Silence
AMLP: 0.705
AKNN: 0.524

A Remove DC and Norm
AKNN:O. 582 9% 0.598

0. 2
0. 2

Y 71
Y 58

16 \
1 \
1 \
1 on
1 on
1 on
16 on
Note:

Preprocessing &
Postprocessing

BatchSize RemSil

RemDC Norm

\ \

\ \
on \

\ \
on \
on on
on on

14
weighted scores
MLP  KNN
0.704 0.504
0.705 0.524
0.705 0.523
0.711 0.582
0.712 0.596
0.710 0.598
0.707 0.546

t as k s

Best inference performance achieved at batch size=1.

When batch size = 16, some invalid features are retained,

due to the tensor [B, C, T] requirement
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A Model Ensemble

U Task Divergence

Audio vs. speech tasks exhibit different characteristics,
with speech recognition carrying significant evaluation
weightage

U Parameter Flexibility
The challenge imposes no constraints on model
parameter count, enabling architecture scaling.

U Model Domain Preferences

SSL for Speech & Audio

Speech Audio
Wav2vec?2 Dasheng
Whisper Beats
QwenzAudio
encoder
1+1 > 2

SSLAudio Encoders can be broadly categorized by EnsemblingSpeech and Audio models may
application scenariaato SpeectandAudio. yield better performance than single models.
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A Model Ensemble

RemoveSilence
Audio +RemoveDC
+Norm

U Model Integration Trials:
A Dasheng Model MLP
A Dashengr Whisper Dashengl.2B 0.731

A Dashengr Qwen2Audio Encoder |
Dashengl.2B+Whisper 0.743

Key Note:Embedding alignment required in temporaﬂ)ashen 1.2B+Owen2Audi  0.761
dimension for ensemble models gl :

25Hz [1536, T]

Zero-pad )
Dasheng-1.2B HRemovePad |

Zero-pad .
Qwen2-Audio H RemovePad ]—

25Hz [1280, T]

KNN
0.560

0.586

0.682
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A Model Fine-tuning & Ensemble

U Audiosetfor Finetuning U Finetuning Strategy
A Multi-task fithess: 527 classes A Approach: Findune Qwen2Audio Encoder and
A Audio variety: speech, music environmental sounds Dasheng separately, then fused embeddings.
A Data scale: 5100+h A Model: Encoder MLP
4 )\
Audio Encoder MLP H Supervision Loss ]
- J

FinetuningDetails

Model Optimizer learning rate Masking Rate Layer Freezing others
Dashendl.2B ALL Layers 4*\/100
_ AdamW8bit  1.00E05 0 BatchSize12
Qwen2Audio Encoder Last 5 Layers EpochLengtk500

In model finetuning, pre/postprocessing are applied
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A Model Fine-tuning & Ensemble

U Finetuning Strategy & Key Result
A DashengBase Model Results
A Fine-tuning significantly improved KNN
scores
A Minimal impact on MLP performance

A Same Method to Larger Models
A Applied same finguning pipeline to:
Dashendl.2B andQwen2Audio Encoder
A Observedonsistent KNN improvements
across models

A Bestsolution
A Dashendl.2 Finetuned- Qwen2Audio
Finetuned Audio Encoder

Model

Dashengrase
Dashenghase*
Dashengl.2B
Dashengl.2B*
Dashengl.2B+Qwen2Audio
Dahsengl.2B*®wen2Audio
Dashengl.2B*+Qwen2Audio’

MLP

0.704
0.703
0.731
0.731
0.761
0.756
0.759

* Indicates the model has undergone {ineing.

KNN

0.504
0.622
0.560
0.647
0.682
0.722
0.726
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A ChallengeResults _ -
Results of the ICME 2025 Audio Encoder Capability Challenge

Track 1 MLP Results Track 2 KNN Results

Track 1 MLP Results

Click on column headers to sort the table

DQFAudioEncoder
securedirst place in the Weldhted
. Affiliation Team Report Averaged asvspoof2015 clotho cremad desed esc50 finger_snap fluentspeechcommands
Weighted Averaged Score |
S core. ByteDance audiocodec download 0.865 0.995 0.055 0.858 0.596 0.968 0.885 0.992
ByteDance GAEBT download 0.860 0.997 0.054 0.868 0.637 0.965 0.885 0.988
ByteDance AudioX download 0.836 0.986 0.058 0.862 0.602 0.964 0.884 0.991
Carnegie
Mellon CMU download 0.827 0.983 0.033 0.810 0.568 0.905 0.873 0.954
University
Alibaba Aluminumbox download 0.807 0.980 0.027 0.772 0.556 0.871 0.873 0.958
NTT Probin download 0.709 0.924 0.045 0.715 0.738 0.978 0.875 0.683

IRIT SAMoVA download 0.516 0.884 0.013 0426 0.305 0.341 0.853 0.027
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