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Brief Introduction

2017-2024, Johns Hopkins, CLSP
‘i'}' (MS + PhD)

* Contribute to open-source ASR frameworks, including Kaldi,

CENTER FOR LANGUAGE Espresso, PyChain (Author).

(o AND SPEECH PROCESSING
" * Audio-Visual ASR on multi-speaker scenarios.
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2024-Present, Tencent, Al Lab/Hunyuan Speech

Ten C enT Senior Research Scientist

* Large-scale multilingual ASR.

Audio Foundation Models & MLLM.
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o () * Auden: Open-source framework. C/
Audio Encoders Speech-LLM Omni-LLM




Background: Evolution of Text LLM (2017-Present)

e 2017
® 2018-19
® 2020-22
® 2023+

&

~

The Transformer Revolution

Launch of "Attention Is All You Need." Dominated by Encoder-Decoder models for parallel sequence processing.

Era of Representation

BERT (Encoder-only) set SOTA for understanding.
BART (Encoder-Decoder) unified bidirectional encoding with autoregressive decoding for robust text generation.
GPT-1/2 (Decoder-only) proved generative zero-shot potential.

Scaling & Instruction Tuning

GPT-3 established Scaling Laws. RLHF (ChatGPT) aligned massive decoders with human intent.

Frontier Reasoning

GPT-4 era. Industry convergence on Decoder-only architecture as the standard for general-purpose reasoning.



Background: How about Audio? (2020-2023)

2020 2021 2022 2023
€ Speech wav2vec 2.0 HuBERT Whisper / WavLM UsmV
¥ Contrastive SSL on raw Masked acoustic unit Multilingual ASR & Universal Speech Model.
waveforms. prediction. Unified SSL. 100+ languages.
2022 2023
«¢» Sound BEATs CLAP
Audio SSL beyond Contrastive audio-text
speech. alignment.
2023
n Music MERT & MusicLM

Music SSL & Hierarchical
generation.




Background: Audio + LLM? (2023-Present)

2023 2024 2025
4) Understanding QW?"'A“d'_O/ SALMON_N Qweng-Audlo | Qwen2.5-Omni/Qwen3-Omni
Multitask audio understanding Instruction-following & QA More advanced audio

understanding & thinker-talker S2S

2024 2025
. Seed-TTS CosyVoice 2/3
Generation Large autoregressive speech Multilingual zero-shot LLM-
generation model. based TTS.
2024
Ps Unified Interaction Moshi
]

Speech2Speech. Simultaneous
listening & speaking.



“GPT” Moment of Audio? (2026)

—
J

3 |

Unit: Tokenizer vs. Embedding?

Representation: Discrete vs. Continuous?

Training Paradigm: Self-Supervised vs. Supervised?

Arch: Encoder-Adaptor-LLM vs. Native Audio-LM?
Conversation: Direct S2S vs. Pipeline (ASR = LLM - TTS)?

Application: Specialized Models vs. General Model?

@ A Unified Framework: Auden!

A systematic environment for architectural comparison, evaluation,

and reuse.



Auden: Audio & Multimodal Understanding Toolbox

A comprehensive framework for cutting-edge audio and multimodal understanding. Auden bridges traditional speech tasks and

modern Large Audio-Language Models (LALMs).
£ Core Capabilities

& Foundation Audio Tasks

E2E support for high-performance ASR, Audio
Captioning, CLAP, and Speaker ID, etc.

40 Multimodal LLM

Seamless integration with LLM and recipes for LALM
training, enabling complex reasoning over audio.

</> Developer-Centric Design

HuggingFace-like Auto* APIs for effortless model
loading and registration.

4 Research Milestones

Jan 2026
More Encoder Architecture & Pretrained Models

Released pretrained zh-stream and zh-en models.
Support Whisper and WenetTransformer support.

Dec2025

AzeroS & TagSpeech

Instruction-free Speech-LLM and unified multi-speaker ASR with attribution.
Oct 2025

TTA & Voice Encoders

General-purpose encoders for multilingual alignment and paralinguistics.
Sep 2025

Initial Completeness

Launch of core foundation models (ASR, CLAP, Captioning) and LALM support.

) github.com/AudenAl/Auden



ad Auden: LALM Standard Training Paradigm

Representation Learning

Phase 1 Phase 2 Phase 3 Phase 4

o_0

\ @ / 203
Encoder LALM Alignment LALM SFT LALM RL

&' Representation Learning

* Perceive and encode audio modality to
extract semantically meaningful
representations for LLM integration.

* Encoder-centric training may emerge as a
new paradigm for building native large
audio models.

Data qual:

Data volume: high
Compute: high
Importance: high




Starting Point: Specialized Encoders

& Speech Semantics

Multilingual & Multi-dialect ASR
Translation
Speech-to-Speech Retrieval

Speech-to-Text Retrieval

Jd Music
Pitch, Genre, Key classification.

Music Information Retrieval (MIR)

@ Paralinguistics

Emotion, Gender, & Age Classification

Speaker Identification (SID)

Multi-speaker Diarization

Spatial Audio

«» Sound

Audio Classification
Audio Captioning

Audio-to-Text Retrieval

Direction of Arrival (DOA) Estimation

Single & Multi-channel Spatial Retrieval

Spatial-to-Text Retrieval



Comprehensive Evaluation Protocols

|~/ 1. Linear Probing

Representation Separability

Speech: Speaker ID, Emotion, Age, Gender, Lang/Dialect
Sound: Event Classification, Music Tagging/Genre
Spatial: Direction & Distance Prediction

‘) 3. Zero-shot Classification/ Audio-Language Retrieval

Cross-modal Alignment
Cross-modal: Audio <= Text, Speech <= Text, Sound <= Caption

Class-name Mapping: Emotion, Age, Gender, Music
Genre/Instrument

X3 2.Zero-shot Task Transfer
Task-level Generalization

Speech: Verification, Diarization, Keyword Spotting, Lang
Recognition

Sound: Event Detection, Music Classification

‘. 4. Audio-Language Generation
Speech-to-Text Generation

LLM-Frozen Instruction Tuning: MMAU, VoiceBench, Reasoning



Emerging Encoder/Embedding Evaluation (2026)

XARES-LLM Challenge

Interspeech 2026 Audio Encoder Capability

{8 Generative Framework

Evaluates encoders as front-end modules for LALMs via end-to-end

generative assessment.

Track A : 15+ classification tasks (Speaker ID, Emotion, Music
Genre).
Track B : Understanding tasks (ASR, Sound/Music Captioning).

"A unified system that trains a typical LALM using the user's audio encoder
for automated benchmarking."

. Supplied by user

B supplied by XARES-LLM

||I|I|l|| —
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Pretrained Audio

Domain

Speech

Sound

Music

Encoded Frames

Encoder

Dataset
Speech Commands
LibriCount
VoxLingua33
VoxCeleb1-Binary
ASVspoof2015
Fluent Speech Commands
VocalSound
CREMA-D
ESC-50
FSDS50k
UrbanSound 8k
FSD18-Kaggle
GTZAN Genre
NSynth-Instruments

Free Music Archive Small

Task Type
Keyword spotting
Speaker counting

Language identification

Binary speaker identification

Spoofing detection

Intent classification
Non-speech sounds
Emotion recognition
Environment classification
Sound event detection
Urban sound classification
Sound event detection
Genre classification
Instruments Classification

Music genre classification

— T —)

Metric
Acc
Acc
Acc
Acc
Acc
Acc
Acc
Acc
Acc
mAP
Acc
mAP
Acc

Acc

6 LoRA

Output Text

50
200
10

41



Emerging Encoder/Embedding Evaluation (2026)

MAEB Benchmark [t
Massive Audio Embedding Benchmark

(arXiv:2602.16008)

£ Unified Ecosystem

Large-scale benchmark covering 30 tasks across speech,
music, and environment in 100+ languages. Integrated
into MTEB, one framework for unified evaluation across
text, image, and audio.

” No single model dominates: large audio-language
models show the most promise overall, but every model
family has clear blind spots."

Classification

Pair Classification

cocORG MAEB+ = =
Massive Audio Embedding Benchmark ettt || et
angey san
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First Glimpse: Does Encoder matter? (2024.10 — 2025.4)

“Advancing Multi-talker ASR Performance with Large Language Models”

“Efficient Scaling for LLM-based ASR” m

Mohan Shi, Zengrui Jin, Yaoxun Xu, Yong Xu , Shi-Xiong Zhang, Kun Wei, Bingshen Mu, Yiwen Shao, Kun Wei, Dong Yu, Lei Xie

Yiwen Shao, Chunlei Zhang, Dong Yu -
SLT 2024

Table 1. Overall performance comparison of various ap-
proaches on LibriMix. Sys. {1-3} are the experimental re-
sults from ESPnet!, Sys. {4-5} are the results of AED-based
models, and Sys. {6-8} are the results of the LLM-based

L: Average CER (%)

=+ Strategy-2: L = 27.83
- Strategy-3: L= 65,77
Strategy-4: L = 26.74C" =100
Strategy-5: L=179.53C", % = 0.99
=~ Strategy-6: L= 282407, &7 = 0.97

models. “ . T -
WER (%) | —
Sys. type Speech Encoder dev  test " -
1 ESPnet! ‘Whisper small 260 250
2 Baseline Conformer 247 233 0 .
3 + WavLM Large upstream | 19.4 17.1 e
4 AED ‘WavLM Base+ 189 177 ¢
5 WavLM Large 106 92 2om T e
6 ‘WavLM Base+ 176 159
7 LLM WavLM Large 114 102 Fig. 5. Scaling law curves of multiple training strategies. Each data point
8 + LibriMix Fine-tuning 10.3 9.0 represents the final converged CER and corresponding FLOPs for each
strategy at a given data scale.
*  WavLM Large >> Wavel M base+ > Whisper. WavLM was *  We do a thorough comparison over a series of LLM-ASR training
pretrained on synthetic multi-talker speech. paradigms.
* Key findings: What contributes most to the Multi-talker ASR * Key findings: even without additional data for encoder

performance is Encoder instead of Decoder. pretraining, it is still always beneficial to train a better encoder

at the beginning to make the model lead in the scaling curve.



Semantic Encoder: TTA (2025.9)

“TTA: Transcribe, Translate and Alignment for Cross-lingual Speech Representation”

Wei Liu*, Jiahong Li*, Yiwen Shao, Dong Yu

. (Y=y11---1yn)
<src_lang><tgt lang> Y <b>, Y1,<b>,..., Yn
TTA: Transcribe-Translate—Alignment — Speech Semantic Foundation Model ‘ akenkon Decodertl| | Koeducer ‘
¢ Lightweight speech semantic foundation model (<250M parameters) T—\ I
* Designed for unified MASR + Speech Translation (ST) learning Align(H, T) < Linear H
e Trained on 358k hours of multilingual speech data 4 |
T
Zipformer

Model Architecture

* Zipformer architecture for efficient semantic modeling

* Optimized to capture rich speech semantics from MASR and ST tasks

* Contrastive alignment loss bridges speech features and text embeddings

Performance

¢ Consistently outperforms Whisper-Medium on MASR and ST benchmarks

¢ Surpasses Whisper-Large on several in-domain tasks

* Stronggainsin speech—text retrieval

* TTA encoder shows stronger semantic representations than Whisper
encoders for LLM integration

Spanish{Sk hours)
== Fortuguese(2k hours)




Semantic Encoder: TTA (2025.9)

Metric | Whisper

‘Whisper

‘Whisper

T

ZT-AED

Datasets (%) Medium Large-v2  Large-v3 (asr) (asr) ZT-AED TTA
#Params \ 762M 1541M 1542M \ 199M 246M 246M 247T™M

aishell 1|2 CER| 6.74/6.23  5.90|5.24 5.33|4.76 | 1.89|3.14 1.82[3.07 1.80|3.03 1.85|3.09

wenet net|meeting 11.00|22.68 9.47|22.77 9.00|15.68 | 6.91|6.08 6.89|6.18 6.96/5.94 7.06|6.44

librispeech clean|other 2.88/6.08  2.64|5.14 2.01|3.89 | 1.58|3.62 1.54|3.59 1.56|3.76 1.58|3.85
gigaspeech WER/] 15.51 15.75 14.53 14.85 14.76 14.99 14.97
AMI 16.77 17.07 15.98 11.11 10.85 10.76 11.06
commonvoice 11.86 9.70 8.30 6.92 6.70 6.69 6.76
MLS WER 7.27 5.65 448 5.82 5.71 572 5.74
voxpopuli avgl 12.08 11.90 13.78 11.12 10.78 10.88 10.87
fleurs 6.62 5.20 4.51 6.35 6.18 6.17 6.19
covostv2 | BLEU?T \ 35.12 38.80 37.60 \ - - 34.72 35.28

With only 250M parameters, shows better ASR performance than 1.5B Whisper-large
on most multilingual (13 languages) benchmarks.
As we only have limited ST data from CoVoSTv2 and Europarl-ST, we utilize Qwen2.5-
Instruct-7B to generate translation on ASR data and achieve a comparable X->En

translation to Whisper-Medium.

The alignment head (speech-text contrastive loss) provides the model with a strong

speech-to-text and speech-to-speech retrieval ability
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(a) ZT(asr) (b) ZT-AED(asr) (c) ZT-AED
% % ﬁ-.
§ | §
L3 = kS
2 2 .. 2
= = :
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> . > >
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B B 3
zh en ja ko ru vi id fr es pt zh en ja ko ru vi id fr es pt zh en ja ko ru vi id fr es pt
(d) TTA (e) Whisper-M () Whisper-L

Fig. 3: Heatmaps of speech-to-speech retrieval accuracy across 10
languages. Inside each subfigure, each cell represent the retrieval
accuracy from language X to language Y. The deeper color indicates
higher retrieval accuracy and better cross-lingual alignment.



Semantic Encoder: TTA (2025.9)

Encoder-LLM Integration for LLM-ASR:

TTA shows faster convergence than all other encoders, including

Whisper-Medium, Whisper-Large, Zipformer-AED

A significant lower WER is achieved with TTA as encoder.
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(a) Speech translation probing.  (b) Training accuracy for ASR-LLM.

Fig. 4: Two linear probing experiments. (a) compares averaged
validation losses of the speech translation probing task with dif-
ferent encoders on CoVoSTv2. (b) shows the recognition accuracy
curves, comparing various encoders in the ASR-LLM training using
Aishell2 and Librispeech.

Table 2: Recognition performance comparison of different encoders
in ASR-LLM. CER (%) for Aishell and WER (%) for Librispeech.

| Whisper-M Whisper-L ZT-AED TTA

Aishell 5.47 4.87 292 1.92
Librispeech 4.66 3.64 2.30 1.95




Paralinguistic Encoder: Auden-Voice (2025.9)

“Auden-Voice: General-Purpose Voice Encoder for Speech and Language Understanding”

Mingyue Huo, Wei-Cheng Tseng, Yiwen Shao, Hao Zhang, Dong Yu

Data Collection
* Collect over 8000h of paralinguistic data, covering speaker identification, emotion, age and QA.
Table 1. Datasets used for training and evaluation. LP =

Experimental Setup Linear Probing; ZS(C) = Zero-shot (Classification)
*  Zipformer (170M) architecture for efficient modeling. Training
. . . . . . . . .. Task ‘Train Set(s) #Samples  Hours
* A comprehensive evaluation protocol is set, including linear probing on SID, Age, Gender, Emotion recognition, D VoxCeleb2al] o 026
zero-shot speaker task, speech-text retrieval, zero-shot classification and LLM instruction Tuning. Panling A e 183k 2
ParaSpeechCaps [26] (EARS[27] base 111k"
CLAP EXPRESSO[28], Vox1&2, Emilia[29])  scaled 925k /00
[TTTTTTTTTTTTTTTT TS i L Prob ‘CommonVoice[30], [EMOCAP
180-dim log Mel 1 inear Probin = = i LLM-QA  MELD(31], Vox2, CREMA-D L76 M 3250
Carectonam DDDDUDD“DDDD 100Hz! [ Zero-shot Speaker Task Speech-text Retrieval T
| (T, 80) l H SID | Age | Gender | Emotion Speaker Verification | Diarization | Speech-to-text & Text-to-speech Evaluati
| 4 ' Counting valuation
| Conv-Embed Layer ! < ® w Task Eval Set(s) Eval #Samples
| i s| 3k e LIS W s Hose M
' = - — e -]
' : 7 2519 | Enc CIEEeET E g Génder  CREMAD, RAVDESS LPZSC 706,136
! x2 ' a §n —I]I] — similarity/ cos(-,) Emotion  CREMA-D, RAVDESS LPZSC 106, 136
I o ! = Qo3 L ) : S VoxCelebi-of 32] 7s 37K
! Zipformer |* ' o £ clustering Text SD/SC ‘VoxConverse[33 Zs 232
| £ d ! (text}i EX.A — [cls]V Retrieval ParaSpeechCapi(-base Retrieval 568
] ncoder H o Enc AIR-Bench[34]{MELD
' frame-level logits -

i Layers ! E LIM-QA  pviocap? CommonVoice) QA 3k
i 50 Hz E Zero-shot Classification LM Q&A ! ParaSpeechCaps-train overlaps Vox1&2 test; filtered in our CLAP training.
E 25Hz H Age | Gender | Emotion Age | Gender | Emotion ;AIR-Bench overlaps CommlonVc‘)ice-train/dev; ﬁll‘ered m our LLM-QA training.
1 12.5Hz H TEMOCAP has no fixed split; minor leakage possible at init stage.
i
: . : | Ene | _| § éﬂ 4’|:| ag -IIII["]I]HI—' LLM Decoder
| ! o t N s
; 25Hz l : £ é aellosd) TE er (Qwen-Instruct-7B)
B - H max . pr‘l;xrr;pt speech answer
i Downsample-Fusion Layer ! class prompts [cls] =
| Voice : shappy: Text Enc St « »
! embeddings H “sad”  —| ) — [cls] happy “Listen to the voice, what age “teenager”
I (T',d) 25Hz : “disgust’ [cls] group do you detect?”



Wood Paralinguistic Encoder: Auden-Voice (2025.9)

Table 3. Speech—text retrieval and zero-shot classification results before and after CLAP fine-tuning. Absolute increases and

Encoder Training |nsights drops are shown relative to pre-CLAP. The bottom block additionally reports LP and speaker-ZS of CLAP-fine-tuned encoders.
Enc# Init. Sup. Speech-text Retrieval Zero-shot Classification (ZSC)
FCI— ; ; Speech-to-Text Text-to-Speech Retrieval A Gender  Gender  Emotion Emotion  ZSC
*  ASR Pretraining: provides strong basis for R@l PR@s  R@I0 R@I  RGS | R@I0  Avgt coma e namms  cama mwoms A
. . 5 11 - ASR 359 68.4 77.8 326 64.5 753 59.1 213 76.8 677 292 206 4.1
voice representation learning. 12 ASR SID 62.7 96.1 98.1 61.0 96.3 98.7 85.5 220 96.5 100 27.8 25.7 54.4
13 ASR Paraling 469 793 86.3 46.8 79.5 86.6 709 450 043 91.2 364 456 62.5
«  Multitask Training: beneficial for balanced 14  ASR multi-task 63.3 95.2 97.4 61.7 96.0 98.0 853 11.0 9.6 9.9 221 293 588
21 L1 CLAP  719+360 97.8+20.4 99142173 T42+41.6 98.8+343 99.54242 9024311 38.5 822454 9564270 302410 3244115 537
. 22 12 CLAP 72306 984:23 99.4 73.9 98.9 99600 90410 238415 948-17 98.5-15 224-54 265 532-12
perfo rmance across voice related task. 23 13 CLAP 704 97.6 99.0 72.1+253 98.1 99.3+12.7 89.4 25.5-195 64.0-303 99.3+8.1 350-14 404-52 528-97
24 14 CLAP 71380 98129 993419 732 98.6+2.6 99.5+1.5 90.0 3784268 89274 912-37 28.5-136 28.7-206 55.1-3.7
Ty . ; Whisper-med 439 77.1 84.1 40.1 75.3 835 673 420 863 69.9 282 294 512
*  Speaker Identification (SID): contributes the wavavecZObwse 238 550 658 275 562 662 492 46.6 66.7 76.5 27 17.6 60
emotion2vec 29.0 60.2 69.9 26.5 55.7 66.1 512 46.0 747 75.0 2.1 176 473
most. Wespeaker 475 81.1 87.5 46.7 827 888 724 28.6 64.3 98.5 2.4 17.7 46.7
Linear probing (LP) Speaker Zero-shot
*  CLAP: benefits to retrieval task but not Enc# Init. Sup.  gpp Age  Gender  Gender Emotion  Emotion LP SV sD sD Count s
Vox2 CREMA  CREMA  RAVDESS  CREMA  RAVDESS Avgt  EER] DER| Conf]. MAE] Avgt
necessary for voice representation Capacity. 2.1 1.1 CLAP 83.0+6 71.9 » 996482 100+1.5 727 89.0 i 87.0 5 102+35.5 355+15.6 28.0+15.6 3.8+0.¢ 415
22 12 CLAP 959-3.1 826-25 99.0-02 100+ 707-3.1  83.1-0.7  886-16 9875  265-123 19.0-122 28-1.0  669-27.5
23 13 CLAP 884707 89.8-81 99.9-0.1 100+ 77523 89051 908 106265 378 30.4 39 438
24 14 CLAP 902-5.1 865-7.4 99.6-0.1 100+ 76.8-72 93443 91127 109-71 31.6-146 241-146 33-17  56.1-355
Table 4. LLM-QA acc (%) on AIR-Bench foundation bench-
Voice Encoder Matters mark. Top three rows freezg t.he voice en-coder ::md the LLM
(Qwen2.5-7B-Inst [43]), training only a lightweight adapter.
» Cascaded model has limited performance System Emotion Gender  Age
over paralinguistic understanding QA. MELD* IEMO MELD CV CV
. . Enc 1.4: multi-task 27.2 84.7 81.6 932 583
*  Semantic Encoder (Whisper) not good enough. Enc 2.4 multi-task+CLAP 223 436 762 873 662
. . - Whisper + Qwen-Inst-7B 42.2 27.5 476 522 653
*  Auden-Voice boost paralinguistic QwefAudio (end-to-end) 432 67.2 6.0
Whisper — GPT-4 (cascade) 59.5 219 41.1

understanding in LALM.

* Performance shows high variance across encoders despite similar results on other tasks.
This may due to the lack of diversity in LLM-QA training data.



o»d Audio Encoder: Audio-Language Pretraining (2025.10)

“Revisiting Audio-language Pretraining for Learning General-purpose Audio Representation”

Wei-Cheng Tseng, Xuanru Zhou, Mingyue Huo, Yiwen Shao, Hao Zhang, Dong Yu

autoregressive decoding m paraliel decoding
(S A bedfed | [n]fodulped
Contrastive vs. Captioning (gopmionen ) gt g P o .
Compare 2 prevalent audio-language pretraining [ E"‘T"" \ ‘ E"‘?"e’ ’ E"‘?"‘" e :
paradigms that utilize weak supervision and show BT [T | [T I 2 I = YT [ O 2 | i e
"A bird chirping" "A bird chirping" :
gO Od pOte ntl al for sca I I ng' Contrastive Pretraining Captioning Pretraining (with alternating decoding mode)

Figure 1: Audio-language pretraining objective studied in this work: contrastive and captioning.

Figure 3: t-SNE visualization of sentence

Table 1:‘ Comparison of publicly avail- embedding of captions grouped by source.
a able audio caption datasets. The number
CaptlonSteW of audio-text pairs (#pair) and number of o0 =
unique words (#vocab) are shown here. Syt o AudioSetCaps

*  JamendoMaxCaps
©  MusicCaps_train

Collect the largest open-source audio-text paired

data with 10 7M1 coveri ng: Audio Caption Dataset #pair  #vocab " PareSpesciicnps
. . . Human-annotated S o i
e Multiple aspects: speech, music, sound AudioCaps Kim et al. (2019) 46K 484 i s
Clotho Drossos et al. (2020) 5K 4,366 5o
¢ Both human annotated and LLM-augmented MusicCaps Agostinelli ctal. 2023)  SK  3.730
LLM-augmented ¥
‘WavCaps Mei et al. (2024) 403K 18,372 "
AudioSetCaps Bai et al. (2025) 19M 21,783
FusionAudio Chen et al. (2025) 12M 18,403 - ad
AutoACD Sun et al. 15M 20,491

CaptionStew (Ours) 107M 56,586 R T




¥, d Audio Encoder: Audio-Language Pretraining (2025.10)

FSD-50k VggSound VoxCeleb2
" - sehssslssssasianse wew |
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FoAIIRT i ¥
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Figure 2: Data scaling behavior of contrastive vs. captioning objectives across representative tasks.

Contrastive vs. Captioning

The two pretraining paradigms exhibit

complementary strengths across evaluation

protocols.

e Contrastive wins for linear probing

* Captioning shows better scaling behavior
especially when language is involved.

* Both benefits from supervised initialization

Across Domains Performance
Competitive performance is achieved across all
domains, covering speech semantics,

paralinguistics, music, audio.



¥,'d Audio Encoder: UTS (2025.11)

“Unlocking Strong Supervision: A Data-Centric Study of General-Purpose Audio Pre-Training Methods”

Xuanru Zhou, Yiwen Shao, Wei-Cheng Tseng, Dong Yu

* Proposes a data-centric strong-supervision pipeline for general-purpose audio pre-training.

* Introduces Unified Tag System (UTS) to unify speech, music, and environmental sound labels.

* Studies multiple objectives (tag classification, captioning, contrastive, multi-task) on strong supervision data.

*  Shows data quality + label coverage > data scale for representation learning. Strong supervision significantly improves generalization across

diverse audio tasks.

(a) Audio Tagging Pipeline

The audio clip begins with a sudden burst of energetic, music, dance,
high-fidelity , ... (too long omit) electronic, studio,

| [l

II|||“|I'|IE||I||||II Captioner In summary, the audio clip features a ...making it a vivid LLM Parser repetitive, spanish,
example of late-1990s -influenced music. buzz, percussive, club

Generated Caption Parsed Tags

(b) | Pre-Trained Piepeline

MTC Objective i ' v H

i music E E music E

" " | | '

EAUd:’ CILInel?Ir Predicted Logits speech i__ . _._i| speech i
ncoder assifier i | 1 ;

i dance i E dance E

H car i E car i

[ost J[wast ] - [mask | 37705 o

bidirect attention mask Tag Sequence

PAR Objective

Cross-Attention




Concurrent Work of Large Scale Audio Encoder Pretraining

Streaming TTS
L D-TUR SRR S 0 i
- -0 @--
Large Language Model Chat History
"""""""" s o oy o s et @
o2 i On-demen

Figure 2: Overview of Audio Flamingo 3, AF-Whisper training, and five-stage curriculum training.

Hi, I'm Qwen, your helpful assistant. <eos>

rAuT Decoder N
[ Decoder Cr }
8x I
[ Decoder Self-Attention ]
" i ~/
0oo0oo -
1
(AUT Encoder
32x [ Self-Attention Layer ]

3x Downsampling Conv2d
Wl — )

FBank Feature, 10ms frame shift (] (J [J ID goooog--
-ll--|||-||||||'||-|||--|||-||||||||||-|||--m-|||--m-||||u||||-l|--||

<sos> Hi, I'm Qwen, your helpful assistant. —

AF-Whisper (2025.7)

In Audio-Flamingo3 (AF3), 13M pairs of audio-
text data covering speech, sound, music is used to
finetune a whisper-large-v3 encoder with cross-

attn.

Qwen3 AuT (2025.10)
In Qwen3-Omni, an Audio Transformer (AuT) is
trained with attn-encoder-decoder on 20 million

hours of audio caption data.



ad Auden: LALM Standard Training Paradigm

T
Phase 1 Phase 2 Phase 3 Phase 4
[ P
ad=
\EJ @9 / asv
Encoder LALM Alignment LALM SFT LALM RL
%" Modality Alignment 4) Instruction Following
Bridges the modality gap by mapping audio Trains the model on diverse audio-text pairs,
features into the LLM space via projectors, enabling complex reasoning and
enabling comprehension. paralinguistic analysis.
Data qual: Data qual: high
Data volume: high Data volume:
Compute: high Compute:
Importance: high Importance: high




,d Problem

Task Overfitting Data Limitation

e Overfit to training format: multiple choice vs open question. e QA pairs generation: partially labeled data-> LLM -> audio-

e Overfit to train/evaluation tasks: text pair

* Easily get good results on target (seen) tasks. * Distilled datafrom other API: more likely to introduce

*  Poor generalization to new tasks/benchmarks hallucination

Qwen Audio Dataset Growth Over Time 700.08
(31,00M h)

700

600

Solution?
Keep increasing the data!

330.0B
(14.70M h)

Tokens (B)

2.38 11.78
(145k h) (520k h)

Qwen-Audio Qwen2-Audio Qwen2.5-Omni Qwen3-0mni
(Nov 2023) (Sep 2024) (Mar 2025) (Sep 2025)



Inspiration from VoiceBench

* VoiceBench: A benchmark that synthesizes speech-based questions from text
benchmarks.
* Expectation: Equal intelligence regardless of input modality (speech vs. text).

Model AlpacaEval CommonEval SD-QA MMSU OpenBookQA IFEval AdvBench  Overall
(GPT) (GPT) (Panda/GPT)  (Acc.) (Acc) (P/I Acc)  (Refusal Rate)

Naive T 4,60 438 7776 7541  66.23 72.53 7391 7952 96.54 81.43
s. 453 4.04 7233 68.54 6243 81.54 6537 7370 98.08 79.06

Naive4o T 483 4.63 6347 9439  85.17 94.29 77.68 8343 98.27 89.49
S. 480 447 6058 90.96 81.69 92.97 73.19 79.82 98,27 87.23

DivA T 468 429 7830 7450 6331 76.70 68.70 7631 99.23 81.08
s. 3.67 354 6239 5172 2576 25.49 34.93 4338 98.27 55.70

LLaMAOmni T 439 432 5533 6040  59.01 79.34 4538 5653 98.46 74.26
S. 3.70 346 40.14 3924 2593 27.47 10.15 1958 1135 37.51

Miniomni T 234 2.55 2604 723 2674 30.55 13.04 2289 86.35 39.43
5. 1.95 2.02 2369 416  24.69 26.59 899 18.17 37.12 27.90

Miniomnz T 2.65 2.86 1302 976 27.13 32.09 10.15 17.87 92.88 41.10
tn-mat S. 232 2.18 11.03 759 2427 26.59 725 1586 57.50 31.32
oAudio T 4.11 377 61.66 40.69 45.02 67.91 2870 38.06 96.73 64.55
Quen2-Audio 3.74 3.43 4177 29.66 3572 49.45 2073 31.93 96.73 55.35
VITA T 4.00 3.88 7269 7613  64.54 83.08 48.99 5753 95.19 75.43
5. 338 2.15 3128 2459 2570 29.01 18.12 2751 26.73 TI68

Moshi s. 2.01 1.60 1501 1627 24.04 26.15 638 1376 44.23 27.47
GPT-40-Audio  S. 478 4.49 61.12 89.87 8025 89.23 74.86 71717 98.65 86.42

Table 3: 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-4o0-Audio and Moshi only allows
speech-form instructions now. We report the performance on SD-QA United States accent above.

Problem & Observation

observed on semantically equivalent
Text and Speech input.
* Suddenly all end-to-end speech-LLM show
good results on this bench after it is released.
* Only naive cascaded system and top
commercial APIs (e.g. GPT-40, Gemini-2.5
pro) show robustness when new benchmark
comes out.

Thoughts

If the underlying LLM already shown superior
performance on text input, why not let LLM
treat audio input as text?



Speech-LLM: AZeroS (2026.1)

“AZeroS: Extending LLM to Speech with Self-Generated Instruction-Free Tuning”

Yiwen Shao*+, Wei Liu*, Jiahong Li*, Tianzi Wang, Kun Wei, Meng Yu,

Dong Yu
Self-Generated Data Construction SIFT Training
Res | Respe
Stage 1: | . omse stoge 10 m Romeee stoge 2 u Respanse
Semantic-Only +Semantic + Paralinguistic w Semantic-Only . Semantic + Paralinguistic
A : :
3. Qwen2.5 | \v; Qwen2.5 | \; Qwen2.5 | : )}; Qwen2.5 ® |
¢ o - 4 i )
. g : : oooot
H =0 PROMPT| 3
L g s i Projectar D 10N Pty Ve Projctordly | Tent Btz
D Tramscript  “Describe the audio” : B — lo?
Teanscript D Meta nfo (Optianal) A Eonr 58 D [roamscserss] [voe Bacoter o8 | D""';':;i:'-:)““'"
(Optional)

Figure 1: Overview of the proposed AZEROS framework built upon a frozen Qwen2.5-7B-Instruct backbone.
The system couples a Self-Generated Data Construction pipeline (left) with a two-stage Self-Generated
Instruction-Free Tuning (SIFT) training procedure (right). In Stage 1 (Semantic), the LLM generates targets
from speech transcripts to train a projector on the semantic TTA Liu et al. (2025) encoder. In Stage 2 (Semantic +
Paralinguistic), we augment inputs with metadata (e.g., emotion, gender, age); the resulting rich responses train
a second projector on a paralinguistic Auden-Voice Huo et al. (2025) encoder. Together, this progressive SIFT
paradigm extends the model’s capability from purely semantic to joint semantic—paralinguistic understanding
without relying on task-specific instructions.

Method: SIFT

Define the text equivalence of the audio,
e.g., speech = transcript

Input the text equivalence to the LLM to
get its response (instruction not required).
Use <audio, response> pair to train the
speechLLM.

Results

Trained on only 25k hours of public ASR
and 3k paralinguistic data. Nothing
relevant to any QA.

Dual TTA-Voice Encoder enable both
semantic and paralinguistic perception
ability.

Achieve SOTA performance on
VoiceBench and AIR-Bench (speech).
Approximate its theoretical upper bound
of using text as input.



wardl Speech-LLM: AZeroS (2026.1)

Training Data Generation

Input; <|[AUDIO|> Input: what shall we do if they suddenly walk in on us
Instruction: Transcribe speech to text

Output: what shall we do if they suddenly walk in on us

Instruction:

Output: The approach you take when someone

(@) TSIT. unexpectedly walks in on you can depend on the situation
s and who the person is. Here are some general tips:\nin1.

**Stay Calm**: Try to remain calm and composed. Panic

can make situations worse.\n\n2. **Assess the Situation**:

Determine if there's any immediate danger or need for

privacy. If it's a family member or close friend, the [...]

Data Generation

Input: what shall we do if they suddenly walk in on us

Instruction: Repeat the above content Training
Output: Repeat the above content:\n What shall we do if Input: <|AUDIO|>
they suddenly walk in on us. Instruction:
Training Output: The approach you take when someone

L p dly walks in on you can depend on the situation
and who the person is. Here are some general tips:\n\n1.
**Stay Calm**: Try to remain calm and composed. Panic
can make situations worse.\n\n2. **Assess the Situation**:
Determine if there's any immediate danger or need for
privacy. If it's a family member or close friend, the [...]

Input: <|AUDIO|>
Instruction: Repeat the above content

Output: Repeat the above content:\n What shall we do if
they suddenly walk in on us.

(b) SIT, () SIFT

Figure 2: Illustration of semantic-only instruction-tuning configurations: (a) TSIT;, (b) SITs, and (c) SIFT;.
Examples are selected from an utterance in the [EMOCAP dataset Busso et al. (2008), with the transcript “what
shall we do if they suddenly walk in on us”. ([...] indicates truncated text. Detailed examples are in Appendix A.)

Table 3: Preliminary results on VoiceBench comparing different instruction-tuning configurations (see Figure 2)
for semantic-only alignment, trained on the Data-SP subset.

Method AlpacaEval CommonEval WildVoice SD-QA BBH AdvBench [IFEval OBQA MMSU Overall

(GPT) (GPT) (GPT) (Panda/GPT) (Acc.) (Refusal) (P./L Acc) (Acc) (Acc)
TSIT, 112 1.34 1.10 452 47.80 3.46 24.13 24,62 24.59 22.26
SIT, 3.98 3.74 3.38 45.75 51.00 95.96 39.09 3407 3312  57.89

SIFTs 432 414 3.74 55.70 55.60 98.27 54.40 5934  51.01 68.70

SIFT vs. IT

Using only ASR data.

Instruction-tuning (IT) <speech, instruction,
transcript> makes the model do ASR only task.
SIFT <speech, response> makes the model
learn general speech-text alignment and it can

generalizes to any unseen voice QA.



Wood Speech-LLM: AZeroS (2026.1)

Data Generation

Data Generation

Input: What shall we do if they suddenly walk in on
us (male, happy)

Instruction: Describe all the information you can hear.

Output: Based on the provided information:\n\n- The
audio is an audio tag with metadata and text content.\n-
The gender of the speaker is specified as male.\n- The
emotion of the speaker is described as happy.\n- The text
content of what the male speaker is saying is: \"what shall
we do if they suddenly walk in on us."\n\nFrom this [...]

Input: What shall we do if they suddenly walk in on
us (male, happy)

Instruction:

Qutput: It sounds like you're looking for advice or a
response to the scenario described. Here's a suggestion
based on the context provided:\nin **Male Voice (Happy
Emation):**}\n "Well, if they suddenly walk in on us, we
could just pretend to be doing something else. Maybe we
could be having a serious discussion or checking [...]

Training

Training

Input: <|AUDIOJ>
Instruction: Describe all the information you can hear.

Output: Based on the provided information:\n\n- The
audio is an audio tag with metadata and text content.\n-
The gender of the speaker is specified as male.\n- The
emotion of the speaker is described as happy.\n- The text
content of what the male speaker is saying is: \"what shall
we do if they suddenly walk in on us."\n\nFrom this [...]

Input: <JAUDIO|>
Instruction:

Output: It sounds like you're looking for advice or a
response to the scenario described. Here's a suggestion
based on the context provided:\n\n **Male Voice (Happy
Emotion):**}\n "Well, if they suddenly walk in on us, we
could just pretend to be doing something else. Maybe we
could be having a serious discussion or checking |[...]

(a) SITg, (b) SIFTg,
VoiceBench AIR-Bench (Speech)
Alpaca Comm Wild SD- Adv  IF . .
Method Eval Eval Voice QA BBH g ch Eval OBQA MMSU OverallGenderEmotion Age LID Entity Intent Avg Chat
Stage 1: semantic-only (on Data-S)
SIFTg 444 422 395 5922 56.10 9923 6263 7319 6008 73.63 3047 4640 34.60 7620 7240 81.80 5698 722
Stage 2: semantic + paralinguistic (on Data-SP)
SITs 438 414 386 5760 5540 9865 6001 71.87 5885 7222 7485 7310 5720 8530 7290 8720 7509 819
SIFTyp, 441 408 381 5913 5580 99.04 61.10 7033 5901 7227 8318 7460 6400 8550 7270 8610 77.68 821
SIFT, + SIFT,, 444 418 391 6022 5630 98.65 6129 7209 59.01 7313 8675 7145 61.30 84.80 73.60 8560 7725 8.28

Semantics -> Paralinguistics

Use “transcript + meta” as input to LLM for
response generation.

Both SIT <speech, instruction, response> and
SIFT <speech, response> enable model with
semantic + paralinguistic understanding

SIT can be used as a complementary method
when response cannot reflect the info in the

input.



Speech-LLM: AZeroS (2026.1)

VoiceBench AIR-Bench (Speech)
Alpaca Comm Wild SD- Adv IF . .
Model Eval Eval Voice QA BBH Bench Eval OBQA MMSU OverallGenderEmotion Age  LID Entity Intent Avg Chat
Text Only Model
Qwen2.5 466 455 462 6203 8000 99.04 70.14 8484 7157 8269 N/A N/A N/A N/A N/A N/A N/A N/A
Qwen2.5 (TN) 461 453 456 6384 5630 9885 66.11 7407 6451 7752 N/A N/A N/A N/A N/A N/A N/A N/A
Cascaded System
Whisper+GPT-40 4.80 4.47 462 7577 8720 9827 7651 9297 81.69 8780 2190 59.50 41.10 96.80 69.80 87.70 62.80 754
Whisper+Qwen2.5 4.64 433 421 5850 5285 9827 6399 7824 69.00 7605 28.36 50.80 36.40 88.00 73.60 8270 59.98 7.34
End-to-end Speech-LLM
GPT-40 478 449 458 7550 8410 9865 76.02 8923 8025 86.75 * 49.10 * 76.00 61.60 85.8 ® 7.53
Gemini2.5-pro - - - - - - - - - - 90.7 60.70 3410 99.10 685 922 7422 BS52
Moshi 201 160 130 1564 4740 4423 1012 2593 2404 2951 N/A N/A N/A N/A N/A N/A N/A N/A
SALMONN - - - - - - - - - - 355 299 487 281 517 367 3843 6.16
Phi-4-multimodal 3.81 382 356 3978 61.80 100.00 4535 6593 4219 6432 - - - - - - - -
GLM-4-Voice 397 342 318 3698 5280 8808 2592 5341 3975 5648 2391 2295 1870 2540 2790 21.10 2333 553
Qwen2-Audio 342 329 276 31.65 53.00 99.04 2635 4835 36.14 5377 6471 4815 2310 7780 87.00 8470 6424 720
DeSTA2.5 373 252 330 4647 6240 9769 6547 7275 5856 66.04 8424 6430 6560 9730 6520 8370 7672 757
Qwen2.5-Omni 388 377 352 4675 6370 9731 40.19 8154 6145 6826 89.76 5485 4480 89.70 79.70 8860 7457 6.97
Qwen3-Omni-30B 474 454 458 7690 8040 9930 7780 89.70 68.10 8549 91.11 6220 3690 9770 B8040 9070 76.50 7.85
AZEROS (ours) 444 418 391 6022 5630 9865 6129 7209 5901 7313 86.75 7145 61.30 8480 73.60 B5.60 77.25 828
VoiceBench AlIR-Bench (Speech)
Alpaca Comm Wild SD- Adv IF . .
System Eval Bval Voice QA BBH Bench Eval OBQA MMSU OverallGenderEmotion Age  LID Entity Intent Avg Chat
2 Stages (AZeroS)
TTA-Voice 4.44 418 391 6022 5630 9865 6129 7209 59.01 7313 8675 7145 61.30 8480 73.60 8560 77.25 8.28
1 Stage
TTA-Voice 447 408 3.80 56.60 5640 99.04 6239 7011 60.64 7246 7716 5835 66.00 6770 70.70 8310 70.50 7.49
Whisper 438 396 377 5543 5420 9846 5894 64.62 54.88 69.86 69.88 54.85 65.80 70.80 6830 8430 68.99 7.65

Results

AZeroS is close to its text upper bound
Qwen2.5-7B on voice QA.

AZeroS achieves SOTA performance against all
Speech-LLM with similar size backbone.
Ablation study on dual TTA-Voice vs. Whisper
shows the gain from dual encoder design.
Whisper encoder only shows competitive
results, proving the effectiveness of SIFT

paradigm.



Speech-LLM: TagSpeech (2026.1)

“TagSpeech: End-to-End Multi-Speaker ASR and Diarization with Fine-Grained Temporal Grounding”

Mingyue Huo, Yiwen Shao, Yuheng Zhang

Scenario: Multi-Speaker Meeting Spea ker'attributed LLM'AS R:

= * Frozen semantic encoder + paralinguistic encoder + Qwen2.5, only trained on 2

* illustration generated

by G e lightweight projectors.

(a) Conventional Cascaded Pipeline

e * Insert time anchors and attribute tags for better alignment in the output.
o “)

* End-to-end output with accurate diarization, speaker attributes and transcripts.

J H
ime-: X - B < <§c> '
ﬁ speak labels, {lme stamp. : SOT style. utt.1 sc> SC. ! <text>
ASR Branch ase mwmmrwm_" h_____________;, _______ % _________ 1 ©.00-2.18>I am retired.
)
- . LLM ! 2.00-2.40>You what?
Error-Prone Fusion Results: SE[I]BJltIC i
« Error Propagation H‘M"‘ Encoder (Qwen.zs _', 2.40-5.26>1 mean, I
'ost-process * Speaker-Text Mismatch \ stopped working.
« Clustering Confusion utt.1 (SOT-F IIJStI'LlCt-7B) : PP g
5 1 </text>
(b) Our Proposed End-to-end Framework * H < 5peaker‘>
: 1
P _ ) ) ik et tre.00-2.18,
Joint ASR- meeting. . ! 2.40-5.26">
Diarization |, 2-10-3.80 spk2: an utterance group Speaker Projector ; h i - .
LLM Good morning. 3 Encod Ly sk Time Anchors i<spk id="2" t=2.00-2.40">
2.22-5.26 spk3: with 2 speakers coder P th’ R A L S
Good morning. What’s \_ % \_ tokenized by LLM H </speaker>

on our agenda today?

Diarizatio: Speaker .
Branch | Embedding N | | - /—\ ____________________________



2°d Speech-LLM: TagSpeech (2026.1)

Generated by our fully end-to-end model
SpeechTag for multi-speaker ASR and diarization
English 3-speaker with dense overlap

Summary
Better diarization and WER than SOTA end-
to-end model Gemini and Qwen2.5/3 Omni.

Cascade baseline (Pyannote + Whisper) still

i 0.00-0.39 SPK1 (M): so are we talking of a
show competitive results. concept of a rechargeable battery or something

Limitation: only train on small dataset AMI

and Alimeeting.

Model AMI-SDM (English) AliMeeting-Far (Mandarin)

FailRate | DERJ cpWER| gWER| SCAT? FailRate | DERJ cpCER| gCER] SCA*?
End-to-End Baselines
Gemini-2.0-flash x 2.11 45.16 36.24 2986  56.19 31.90 50.35 59.02 4797 5114
Qwen2.5-Omni-7B 4.07 34.71 49.86 3225  60.06 6.40 37.42 41.23 2444 7112
Qwen3.0-Omni-30B-A3B-Instruct 2.15 39.06 38.83 33.61 59.35 0.39 34.60 33.69 27.69 7020
Cascade Baseline
Pyannote 3.1 + Whisper-large-v3 4.60 23.05 43.57 3595 5143 2.52 26.13 4656 39.55  60.68
TagSpeech (Ours) 1.27 24.84 42.55 31.62 7001 3.04 2213 33.84 2542  81.63

* Chosen over Gemini-2.5/3.0-pro for less frequent recursive hallucination loops, see Appendix A.3.



ad Auden: More Encoders and MLLMs

Encoder&Tokenizer
*  AAAIl 2026, “DualSpeechLM: Towards Unified Speech Understanding and Generation via Dual Speech Token Modeling with Large Language Models”
e ICASSP 2026, “Exploring SSL Discrete Tokens For Multilingual Automatic Speech Recognition”

* Arxiv 2026, “Towards Comprehensive Semantic Speech Embeddings for Chinese Dialects”

MLLM

e Tech Report 2026, “Penguin: Small yet Strong Foundation Models for Well-rounded Multi-Modal Understanding”
* Arxiv 2026, “JAEGER: Joint 3D Audio-Visual Grounding and Reasoning in Simulated Physical Environments”
Upcoming

* Music Encoder

e Spatial Encoder

e Large scale general Audio Encoder

STAY TUNED FOR THE LATEST RELEASES

0 github.com/AudenAl/Auden a huggingface.co/AudenAl




Summary and Future Work: From Encoders to LALMs

Encoder remains under-exploration

Encoder plays a key role for audio foundation
models and LALM.

Specialized encoders still outperform general
purpose encoder.

Loss/training paradigm design that scales
better.

Encoder free?

O

LALM: Alignment or Native

* Astext LLMs evolve dramatically these days, we
may resort to rely more on a powerful LLM and
design better modality alignment approach.

* Native MLLM is also promising. Success of
interleaved training encourages more
exploration.

* Unified understanding and generation ability.
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