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» Huang X, Baker J, Reddy R. A historical perspective of speech recognition[J]. Communications of the ACM, 2014, 57(1): 94-103.
» Xiong W, Droppo J, Huang X, et al. Achieving human parity in conversational speech recognition[J]. arXiv preprint arXiv:1610.05256, 2016.
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Geoffrey Hinton, Li Deng, Dong Yu, George E. Dahl, Abdel-rahman Mohamed, Navdeep Jaitly,

Andrew Senior, Vincent Vanhoucke, Patrick Nguyen, Tara N. Sainath, and Brian Kingsbury T

Deep Neural Networks s e
for Acoustic Modeling .. _ - e
in Speech Recognition L Mmoo

The shared views of four research groups

- 20095 BRI, REFIERXERLEEARI].
- 20128, PURIESHARAERSICIEREFIEES IR FHER.

\Eﬁ\

- IEERIUFEENSIENREZEIRME T RO AIFETEL.

v,

» Hinton G, Deng L, Yu D, et al. Deep neural networks for acoustic modeling in speech recognition: The shared views of four research groups[J]. IEEE Signal processing

magazine, 2012, 29(6): 82-97.
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Deep Speech 2: End-to-End Speech Recognition in
English and Mandarin

Baidu Research — Silicon Valley AI Lab*

Dario Amodei, Rishita Anubhai, Eric Battenberg, Carl Case, Jared Casper, Bryan Catanzaro,
Jingdong Chen, Mike Chrzanowski, Adam Coates, Greg Diamos, Erich Elsen, Jesse Engel,
Linxi Fan, Christopher Fougner, Tony Han, Awni Hannun, Billy Jun, Patrick LeGresley,
Libby Lin, Sharan Narang, Andrew Ng, Sherjil Ozair, Ryan Prenger, Jonathan Raiman,
Sanjeev Satheesh, David Seetapun, Shubho Sengupta, Yi Wang, Zhigian Wang, Chong Wang,
Bo Xiao, Dani Yogatama, Jun Zhan, Zhenyao Zhu

- BERREERALS. REEEGHFRERDAIEL NTARE LRIRAREF IR,
« Amodeif NREZIFEHE, BEBEETIRIES, HIREREEIZGIAR.
- I Anthropic (HagEClaudefy22=])AICEO,
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T 2LEEKIREL: Scaling Laws

Scaling Laws for Neural Language Models

Jared Kaplan * Sam McCandlish*
Johns Hopkins University, OpenAl OpenAl
jaredk@jhu.edu sam@Qopenai.com
Tom Henighan Tom B. Brown Benjamin Chess Rewon Child
OpenAl OpenAl OpenAl OpenAl
henighan@openai.com tom@openai.com bchess@openai.com rewon@openai.com
Scott Gray Alec Radford Jeffrey Wu Dario Amodei
OpenAl OpenAl OpenAl OpenAl
scott@openai.com alec@openai.com jeffwu@openai.com damodei@openai.com
7 4.2
6 X —— L=(D/5.4-1013)"00% | 5.6 —— L=(N/8.8-1013)70.076
3.9
4.8
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Compute Dataset Size Parameters
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« Scaling LawsijiBA, #RB%ECK, EdEHNZ, WRMEHET

» Kaplan J, McCandlish S, Henighan T, et al. Scaling laws for neural language models[J]. arXiv preprint arXiv:2001.08361, 2020.
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Generative Pretraining from Pixels Language Models are Few-Shot Learners

Tom B. Brown*
Mark Chen' Alec Radford' Rewon Child' Jeff Wu' Heewoo Jun' Prafulla Dhariwal' David Luan' Jared Kaplan?
Ilya Sutskever !

Benjamin Mann* Nick Ryder* Melanie Subbiah*

Prafulla Dhariwal Arvind Neelakantan

Pranav Shyam Girish Sastry
Amanda Askell Sandhini Agarwal Ariel Herbert-Voss Gretchen Krueger Tom Henighan
Rewon Child Aditya Ramesh Daniel M. Ziegler Jeffrey Wu Clemens Winter
ay. . . s Christopher Hesse Mark Chen Eric Sigler Mateusz Litwin Scott Gray
Robust Speech Recognition via Large-Scale Weak Supervision
Benjamin Chess Jack Clark Christopher Berner

Sam McCandlish Alec Radford Ilya Sutskever

Alec Radford "' Jong Wook Kim"' Tao Xu' Greg Brockman '

Dario Amodei

Christine McLeavey ' Ilya Sutskever

OpenAl
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- ] e
.
| o0 000000 000000000 D -

M —r—r——— e m——— 000 T
[ 1] (b) Finetune
00000 O 00000 O

v M i ©00000000
Target Target
Figure 1. An overview of our approach. First, we pre-process raw images by resizing to a low resolution and reshaping into a 1D sequence

We then chose one of two pre-training objectives, auto-regressive next pixel prediction or masked pixel prediction. Finally, we evaluate
the representations learned by these objectives with linear probes or fine-tuning

-« —XtIasRR (SA/ lt%/ iE ER55325) &8 B Bl FREER,

- T RG—HIBREIAERE, sgRFRaEXIESHIMERE.
- Et, ¥ E@IEIE’I‘E&,\EEE@MO

Brown T B. Language models are few-shot learners[J]. arXiv preprint arXiv:2005.14165, 2020.

Chen M, Radford A, Child R, et al. Generative pretraining from pixels[C]//International conference on machine learning. PMLR, 2020: 1691-1703.
Radford A, Kim J W, Xu T, et al. Robust speech recognition via large-scale weak supervision[C]//International conference on machine learning. PMLR, 2023
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Friendly Profes... =+ &

Brainstorming Bl...

Yesterday

Cover Letter Crafting

Brainstorming Blog Po...

Creative Writing Prom...

. You

Can you edit my email to be more friendly, but still professional?

ChatGPT

Certainly! Here's a revised version of the email with a more friendly yet
still professional tone:

Subject: Excited to Move Forward and Connect Further!
HiJudy,

| hope this email finds you well. | wanted to express our genuine

Single image Video

Image Image
patches patches

H Self-attention

| Image representation

Imagepateh _ Image patch
representation "~ representation

Cross-attention

Text tokens Speech segment

Conformer block

Conformer block

! Speech adapter

SPEECH ENCODER

Feedforward
etwork

Previous 7 Days excitement @
Building Your Personal... Cross-attention =
Autoregressive
decoding
Ideating Marketing Ca... [RINGN SHOODe Feedforward LANGUAGE MODEL
network
Designing a Compellin... ¥
! Vision sdapter traning
Refining Your Busines... VIDEO AGGREGATOR Text token P —
pretr
Modei fine turing
@ Message ChatGPT. Video representation

Every ~3rd layer

ChatGPT Llama3
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S/EERE . Pengi

the ocean

ik

( ! [ 1
1 1 1 1
1 1 | |
1 1 1 1
1 1 1 1
| | 1 1
| fe Causal Language Model 35 1 | |
1 1 | Audio Captioning T AQA 1 Sound Event Classification 1 I
: : : Model | AudioCaps Clotho | ClothoAQA | ESC50 FSDSOK  USSK D%’tﬁ'i” [

> |
1 1 1 CLAP X X X 0.826 0.3024 0.7324 0.3 |
| [ ] [ ] [ ] [ ] [ ] [ ] [ ] [ ] [ ] | 1 Pengi 0.4667 0.2709 0.6453 0.9195 0.4676 0.7185 0.338 1
! ! | olistic Sce |
: Prefix = T. . T. . I P .T .. T. . t . ] : : é?:::::tj;;:: Music T Instrument Classification T Music Note Analysis?T :
! the  waves of ' I Model |  TUT2017 Music  Music | Bejjing  :Instiument NS NS NS,
1 my ma 1 | Speech  Genres Opera family Pitch Velocity  Qualities
1 _ 1 | CLAP 0.2963 1.0 0.252 0.2963 0.2949 - - - |
1 1 1 1 1 Pengi 0.3525 0.9688  0.3525 | 0.6229 0.5007 0.8676 0.3728 0.386
: a : : Emotion Recognitiont Yocal Sound Action Survel :
| ¢ Audio A 9 Text 2 I ) & Classification? | Recog.t | llance.? :
| Encoder Encoder I I Model CRE RAV Vocal ESC50 SESA ;
1 1 | MA-D DESS Sound Actions B |
1 1 | CLAP 0.1784 0.1599 0.4945 0.497 0.7487 |
1 [ ‘ 1 | Pengi 0.1846 0.2032 0.6035 0.5277 0.5402 I
1 1 | |
1 1 1 1
: W generate audio caption , I I
1 ] ! 1 |
! ! | 1
0 ol ] i i
S L / « P

REYZEN R

«  Microsoft/CMU Pengi: SRFAHTSAT{EAtokenizer/encoder, GPT-2{E LM
« EIN BRI EEUSSFSoTARER

» Deshmukh S, Elizalde B, Singh R, et al. Pengi: An audio language model for audio tasks[J]. Advances in Neural Information Processing Systems, 2023,
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e e e e e e e e e e e B e e e e e e e e e e e B e e e e e e B e e e,

/Es s e EA S EESEEESEESESSEEEsESESEESSsEsESsSEEsEEssEEsSREEEssSEEsEEEEE s ~
\
N ;
i§ |
: : Table 3: Results of all 15 tasks produced by SALMONN without & with activation tuning (w/o & !
. Text response 1§ | w/ Activation). The ASR results are presented in a tuple with three the % WERs evaluated on 3 test :
U Q-Former queries t | sets, namely (LibriSpeech test-clean, LibriSpeech test-other, GigaSpeech). I
i§
|
i 1
D Whisper features Do Method ASR| En2Zht AACt PR, ERT MCt OSR| SVt :
D BEATs features Large Language Model LoRA &| | | wlo Activation  (2.1,4.9,9.1) 344 256|476 42 063 35221 207 093 [
D Auditory embeddings i§ 1 w/ Activation (2.1, 4.9, 10.0) 331 240403 42 0.69 55218 230 094 :
Y & ' t : : Reference Value (2.2,5.1,9.2) 389 250485 3.1 081 61,215 76 - I
D Textual embeddjngs 11 (a) Results of the level 1 tasks. :
(I
1
B B 1111 110 1 (O s e
1 w/o Activation 19.7 22.0 030 0.19¢0.29) 0.33(0.77) 7.77 (0.00)  0.02 (0.04) :
Window-level ' t I 1 w/ Activation 18.6 227 032 0.41(0.98) 0.41(0.99) 82.57 (1.00) 0.50 (0 73) |
l ‘ I—> F [ eniniuintr it Sl Saler dalnle > . . : : Reference Value 16.5 15.6 0.31 0.77 (1.00) 046 (1.00) - 1
Q- ormer I I l I Text instruction prompt s 1 (b) Results of the level 2 and level 3 tasks. :
" gt Audio Response |
Whisper g : : |
Encoder @ g i I
~ = I 1 Please er the speaker’s que fetail based on the background sound :
BEATSs ¥ ease answer the speaker’s question in detail based on the background sound. |
Encoder : : gunshots.wav I
'y Based on the background sound, it seems like the speaker is in a war zone or a combat situation |
g1 The sound of gunfire and explosions can be heard in the background. The speaker is asking if the !
1 listener can guess where they are. )
1
i )
Ik -
B A S ’
R BR

« Salmonn: Whisper/BEATs{E/JEncoder, B#xbspeechflsound4FHiE,
-  Q-former{E9Adapter,
- BEEBEHEEEES.

* Tang C, YuW, Sun G, et al. Salmonn: Towards generic hearing abilities for large language models[J]. arXiv preprint arXiv:2310.13289
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Librispeech
zH |TAMS TMES W | wLT | 0.00 015 cat 032 .

T Next Token Prediction

AIR-Bench-Chat-

Mixed Aishell2

Input Training Data

Multi-language transcription
‘s “What work are you doing naw?"
P <I0.006What<I0.23work<i0.43t-are<iD 45 - SILI>0.5 1
Any-to-any translation
* "BICERANPENRR, REETSANRERONE
¥ 1 remember the reaciion of my teammates, who reached

QwenlLM ;ig

Audio caption analysis
s (Background birds chirping and music piayingl
B A guitar tune i played with Bires chirping in the biackground.

AIR-Bench-Chat-
Music

CoVoST2

. S Audio keyword analysis
Audio Encoder - % (A man speala Chineae)
“ — B Chinese, male speech
TRANS TIMES-
ZH | cripe amps ZH

Audio question and answer
' (Sound of a car)
B QAve the sounds outside? A: Yes.

sot WLT | 0.00 | My | 0.15| cat

Multi-Task Training Format Framework

AIR-Bench-Chat-
Sound

Transcription Tag  Audio Language Tag Timestamps Tag Output Instruction
= e T = I WORD LEVEL TRANSCRIPTION
START OF oe| [es TRANSLATE e [Es TIMESTAMPS
TRANSCRIPTION [IWVERSE TERT NORMALZATION |
| [ CAPTION o
or == — — — or —
n| [0 KEYWORD n [xo — VDAL
START OF .
ANALYSIS UNRNGWN quesTon slgulizarll [T
N qudon SPEAKER INFO
SONG INFO

Meld

—e— Previous Top-tiers
—e— Qwen-Audio
—e— Qwen2-Audio

AIR-Bench-Chat- VocalSound

Speech

FLUERS-ZH /

R ol

-  Qwen/Qwen2-Audio: Whisper{EAEncoder, E—Z&AFRENINERSsotazditR.
« AIR-bench: #3izjaIZiFllbenchmark,

HEDPO{L{thuman preference,

Chu Y, Xu J, Zhou X, et al. Qwen-audio: Advancing universal audio understanding via unified large-scale audio-language models[J]. arXiv preprint arXiv:2311.07919
Chu Y, Xu J, Yang Q, et al. Qwen2-audio technical report[J]. arXiv preprint arXiv:2407.10759, 2024.
Yang Q, Xu J, Liu W, et al. AIR-Bench: Benchmarking Large Audio-Language Models via Generative Comprehension[J]. arXiv preprint arXiv:2402.07729, 2024.
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{/ \I {/ ______________________________________________ \I
! ! I 1
: Personalized | : :
1 Speech 1 I 1
: t g | :
i V ALL' E Audio Codlec Decoder i i i
! [ | ! | 1
| |
| S S S S S S S : Text Prompt | Gen. | Base. |
| |
) Neural Codec Language Modeling ! I I
: : I'1 Number ten, fresh nelly is waiting !
| XK. ' ! ' | onyou ooa night husband S '
. I 1 [L2nYou.good g : ; s S
: Phoneme Conversion Audio Codec Encoder : : And |ay me down in thy cold bed :
i 1 T i ' | and leave my shining lot. Yy RN R :
I Text Acoustic ! : :
| Prompt Prompt | : :
: Text for synthesis ~ 3-second enrolled recording : : :
| i ! |
| [} 1 1
TRELE ] B

« Microsoft VALL-E: 3FHEnCodec Decoder{E/g3detokenizer
- HfEZero-shot&EmkaeH: SfarifE. BREES.

* Wang C, Chen S, Wu Y, et al. Neural codec language models are zero-shot text to speech synthesizers[J]. arXiv preprint arXiv:2301.02111, 2023.
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Reference O i OE E DE : ! :
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TRBVEER X B

« Bytedance Seed-TTS: DiffusionfEsDetokenizer,
- IFFRIEERIEMRE

» Anastassiou P, Chen J, Chen J, et al. Seed-TTS: A Family of High-Quality Versatile Speech Generation Models[J]. arXiv preprint arXiv:2406.02430, 2024.
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= pAERY . MusicGen

,/ ______________________________________________________ A Y L e e e e R e e e e e et A e e e e ~
1 \
: Flattening Pattern Parallel Pattern 1 |{ 1
2 S 2 1 1
: IRE0D0 DDDBEDDD Ry [0 e | L !
: “Nnn DoooDBnD DEERY DonooE | = |
| {j0 DoononEn Doy oonooE | o i
: fRN _DoDonoonE Doy oD E | o |
1 S100%2 8 8 S5 S S Sy S S4n3 S4n2 Sanel San S| %2 %3 8 S5 S S S 5 : ! :
: Sequence steps Sequence steps 1 : TeX t G en 1
g 1 0 |
: ‘ Coarse First Pattern Delay Pattern : 1 :
@ ) R 2 1
| (o nnEon CE | R Ranon SO . ' | lofi slow bpm electro chill with organic :
: -?‘ ks .B| g H g H - ‘ ajLe ‘E L“ i | . -§ ky MLILIILﬂJ 1 : Samples NS |
. s EECCEE 3 DEELNCE = § i |
] (Rl [0l | DoDEnD g o EEL S - . ' 1+ | violins and synths that inspire awe at the i
I 5% S S S S Sl w2 S S Shd Som oS S S % S S % § finiteness of life and the universe i
1 ! kS
| Sequence steps Sequence steps ([ 1
g 1 |
: Figure 1: Codebook interleaving patterns presented in Section 2.2. Each time step £,,%2, ..., is : I :
composed of 4 quantized values (corresponding to k1, )
| d of 4 tized values ( ding to & , k4). When doing autoregressive modelllng : i
: we can flatten or interleave them in various ways, resulting in a new sequence with 4 parallel streams I : |
| and steps s1, 2, . ... S;,. The total number of sequence steps S depends on the pattern and original (N |
1 number of steps 7. 0 is a special token indicating empty positions in the pattern. : : :
\
~ / \ /

I e —— b,

CodeRJHE7! R

« Meta MusicGen: %Z&ESZISE’\JEnCoded’E?gDetokenizer
. guiETZTIEE’\JAR*;EEO Flatten®RERYF, BFEEES
«  SoTARtext-to-musicAERFIER,

» Copet J, Kreuk F, Gat I, et al. Simple and controllable music generation[J]. Advances in Neural Information Processing Systems, 2024, 36.
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HiliTokenti—iEi%: SpeechGPT

Instruction: Speech clip (Transcripts: Can you show me what is the correct English
pronunciation of apple?)
Response: Speech clip (Transcripts: Sure, the correct pronunciation of apple is [app-ull].)

mstructiononivg | { Transoription: e e )
Heta Promp! Jpecch Oatasers Text Datasets E Hi, my nan':e is SpeechGPT. Nice to f
meet you! Instruction: Speech clip (Transcripts: Write a five-line poem that praises spring)
Response: Speech clip (Transcripts: The sun is out, the sky is blue, The flowers bloom and
the birds sing too, The days are long, the nights are short, The spring is here and it’s so sweet

and warm!)

|
~

Speech2Unit Text2Unit

[SpeechGPT]: <99> <5> <69> <597> ...... <31>

|
[ ,.%) SpeechGPT ]

Instructions : Template, | | Template, |

Cross-modal Chain-of-Modality
Instruction data Instruction data
Speechinstruct

Cross-modal Instructions
Human]: Tran

Instruction: Speech clip (Transcripts: My girlfriend is angry with me. What should I do
now?)

Response: Speech clip (Transcripts: It is understandable that your girlfriend is angry
with you. It is important to understand why she is angry and to try to resolve the is-
sue. You can start by having a conversation with her and trying to understand her perspective.)

[Human: <43> <2> <64> <33> ...... <534>

Discrete Speech Unit Extractor | Transcription:

echGP 4
1
1 Good morning, what is :
1
)

Chain-of-Modality Instructions
[Hurman]: This is the speech instruct

Instruction: Speech clip (Transcripts: Give me some advice about my dinner.)

Response: Speech clip (Transcripts: Sure, here are some suggestions: 1. Make a salad with
fresh vegetables. 2. Grill some lean meat. 3. Roast a vegetable-based dish like a cauliflower
casserole. 4, Make a soup with vegetables and legumes. 5. Try a new recipe.)

your name?

@ C--]'n----“n---l-ll||l--|||--|-) ;\

,_______________________________~

T —

PRI 2 &

« Fudan SpeechGPT: XFHHuUBERT{E stokenizer, HiFiIGAN{E9Vocoderk 7=,
«  FIifiispeech2speechXHiERER,

» Zhang D, Li S, Zhang X, et al. Speechgpt: Empowering large language models with intrinsic cross-modal conversational abilities[J]. arXiv preprint arXiv:2305.11000
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codebook

,
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sampling

'L Discriminator J

[Hifw]

Fas

A [ Codec- Word
iy St Sequence

| LLAMA 2 ‘ LLAMA 2 ‘
Word Sequence | Word Sequence | Word Sequence Word Sequence Word Sequence
. Learn a foreign language - li
For each of the S . .
i ' I for different digit, then [LLM-Codkce: e
following input |LLM-Codes [LLM-Codee [LLM-Codec N
output pairs, output generaic correspanding
. o 'T Al ¥ number using foreign il il
is one of emotion: \” [Sad] wF,‘,,‘ [Happy] "M\' language based on i "
[Sad or Happy] instruction Anaudioof 1 An audio of 2 An audio of 1+1
Ty W Ty Y2 Tq
T n E] Y2 T

(a) Speech emotion classification with in-context leaming

«  CUHK UniAudio: il

(b) Text-to-speech generation with in-context learning

1REYZEN

- JERAtEEIE Ffew-shot=xSJgEN],

R ——

e S S A S P S S S P ——

Table 2: Audio understanding task evaluation results. Task induction denotes the explanatory text
that precedes the sequence of audio and text. It is intended to describe the task to the model in natural
language, for example: Please answer the question. Accuracy (%) is used as the metric. For the
Random guess, we calculate the average based 5 times evaluation. K shots refers to the number of

distinct samples for each category, and Repeats refer to how many times we copy the prompt samples.

Task Induction X v v v
K Shots 1 1 3 1 1
Repeats 0 O 0O 2 3

Method # Layers

2-way speech emotion classification

Random None 44

BLSP Whisper encoder 9 29 50 33 19
UniAudio 1.5 (ours) semantic layer 25 53 59 53 54
UniAudio 1.5 (ours)  semantic + acoustic layers 45 49 53 55 54

2-way sound event classification.

Random None 45

BLSP [39] Whisper encoder 44 47 54 15 17
UniAudio 1.5 (ours) semantic layer 48 60 57 57 73
UniAudio 1.5 (ours)  semantic+acoustic layers 41 48 55 54 62

3-way sound event classification.

Random None 30

BLSP [39] ‘Whisper encoder 23 26 36 24 16
UniAudio 1.5 (ours) semantic layer 38 41 39 43 42
UniAudio 1.5 (ours) semantic+acoustic layers 25 37 35 44 50

#iE Y R Codec/ENtokenizer/detokenizer,

Yang D, Tian J, Tan X, et al. UniAudio: Towards Universal Audio Generation with Large Language Models[C]//Forty-first International Conference on Machine Learning.
Yang D, Guo H, Wang Y, et al. UniAudio 1.5: Large Language Model-driven Audio Codec is A Few-shot Audio Task Learner[J]. arXiv preprint arXiv:2406.10056, 2024.
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N \
]
1 1 1
| | 1
| | |
oy Y ] | |
N }, ! ! I
- nao | | i
897 139 23 4981 2750 6079  INdex L |
| | 1
T T T codebook I I I
1 1
1 1 Table 5. Quantizer quality’s impact on ASR tasks. Although the Transformer-based quantizer gets much better performance when used as :
1 | input directly, the random-projection quantizer is equally effective for self-supervised learning. The model used in the direct ASR task has |
AS R EnCOdel’ 1 | size 25M. The self-supervised lea s use the same setup as the LibriSpeech non-streaming experiment, which use LibriLight for I
1 | pre-training and LibriSpeech for g and has 0.6B model size. I
ﬁ I | Configuration Quantizer size (M) Direct ASR WER Pretrain-finetune WER 1
1 1
I | dev  dev-other test test-other dev dev-other test test-other :
? ! I Random quantizer 1 58.8 78.8 57.9 72.8 1.5 2.8 1.6 29 1
! I Projection VQ-VAE 1 61.4 74.8 60.9 75.2 1.5 2.8 1.6 2.9 1
. . ; ' Transformer VQ-VAE 10 17.8 358 17.6 36.1 14 29 1.6 3.1 I
== Projection : I I
| |
ing O . |
Masking d |
n 1 | |
| | 1
| | |
| | |
1 1 1
\ /

BEST-RQERABMENIBAMENGEES BEST-RQiBB{Efull-finetinefysetting T,

BEESREFIMAK

—/J\NO

« HuBERT: BcXEmEst, AERHBERT-stylei)l|Zx
- BEST-RQ: XWEEULAIREELOMEIRST, FIERRBERIE.

- Bk & pretram -finetunefUiRE T, FABFFEMRIIFIEENZ
BALAEE, sErE5{EiEscale up;&?&%ﬂ*ﬁﬁﬁ%?&ﬂ&&%ﬂﬁ?&&o

* HsuW N, Bolte B, Tsai Y H H, et al. Hubert: Self-supervised speech representation learning by masked prediction of hidden units[J]. IEEE/ACM TASLP
+ ChiuCC,QinJ, Zhang Y, et al. Self-supervised learning with random-projection quantizer for speech recognition[C]// ICML

LI L
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- e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e

. N \
{ 1 [ 1
1 1 I
: | 23 | | | 74 238‘125{ ’189}‘— I | :
F 1 | Table 10: Comparison with Google USM, Whisper Large v3 and Universal-1 on English multi-
| : : domain, multi-accent, hardcase evaluation sets, and multilingual multi-domain evaluation sets. 1
1
1
i L Cross-entropy J : : | Google USMI50] | Whisper Large v3[39] | Universal-1 &) | Seed-ASR (ML) | !
1
1 T 1 1 English Multi-domain (WER%) | 9.33 10.41 9.95 5.34 I
1 1 1 English Multi-accent (WER%) | 22.19 21.52 14.40 11.26 I
I Softmax i I English Hardcase (F1%) ] 63.30 79.54 7782 87.94 |
: T 1 1 Multilingual Multi-domain (WER%) | | 21.51 | 20.55 I - [ 12.16 |
1 1 I
1
1 | . . .
| h | | Table 11: ASR Results of Seed-ASR (ML) on English and Multilingual Public test sets :
1
[ ] 1
: Encoder Tokenizer : I Tcmt-n | L:lr:':\gc | Google I-,'SM | Whisper I;|;g\'—t3lm Whi\pcrt.tur).'c—w] | Univcr;\-:::—lﬁ]] | G\:mlm—];_‘ Profd] | 5:\‘d1:.55|;1MLI :
| ! ! EN - 52 36 31 - 284 1
1 1 Medtium 3 EN . 40 74 75 - 311 1
| | | Switchboard EN . 138 . . . 11.59 |
1 CallHome EN - 17.6 - - - 12.24
1 I | AMI THM EN - 169 - - - 13.16 1
I | I EN B o , , B EYS) 1
| | AR - 16 - - - 13.05 1
| 1 1 ES - 3.0 2.8 5.0 - 2.50
1 Fleurs FR - 83 5.6 68 - T8 1
1 I D - 71 - - - 424 1
| 1 1 JA - 53 - - - 346 1
! | | KO . 143 . . . 323
| PT - 43 - - - 355 1
| ! ! EN 7 6.2 - - 46 414 1
1 1 MLS ES - 4.2 57 33 - 3.76 1
I 1 1 FR - 73 8.1 23 - 510 |
| I | PT - 6.8 - - - 504 -
g I I -
1
1 1 |
) I I I
' Figure 4: The training procedure of our audio encoder LUISE. |
1 \
! /

S I e ——

ik 3 R

«  Google USM: £F12005/Nad&5iEit1 BEST—RQ?Z”"éh i)ll4
- Bytedance Seed-ASR: FI20005/ M \GHUEHITIERTR

. FUET FEERXR,

» Zhang Y, Han W, Qin J, et al. Google usm: Scaling automatic speech recognition beyond 100 languages[J]. arXiv preprint arXiv:2303.01037
* BaiY, ChenJ, Chen J, et al. Seed-ASR: Understanding Diverse Speech and Contexts with LLM-based Speech Recognition[J]. arXiv preprint arXiv:2407.04675

Seed-ASRATR A T4

/J\No

25, IRESOTARER.

Ay 4 Ay 4
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| : : T Next Token Prediction Input Training Data 1
. 1 1
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. 1 I |
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1 — Decoder Block
| 1 o THEEEEE DOUHOUEOL I
c
I I
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! : L ‘ : '
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i i I 1 . :
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! 1 1 Transcription Tag  Audio Language Tag Timestamps Tag Output Instruction |
I 1 -
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1 2x ConviD + GELU Learned @ ) | TRANSERIPTION TRANSLATE
| Positional Encoding | [T CAPTION NN 1
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I
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1 \ /
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I Y4 A2 TASZ
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. t
. OpenAI Whlsper “'ﬁﬁﬁa' N E
AY 4 — . e
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R === 721y No
[ ]

Qwen—audio%—?tt%#ﬁf@ﬁ*%ﬂ%ﬁ“’ﬁﬂWh|sper Encoder

» Radford A, Kim J W, Xu T, et al. Robust speech recognition via large-scale weak supervision[C]//International conference on machine learning
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VQ-VAE: FEZtffiK-MeansE g4

- VQ-VAE: BRImRTH—FESLEIZ.
o  HRBEELZLK-MeanstU 5 EE T ZETR,

* Van Den Oord A, Vinyals O. Neural discrete representation learning[J]. Advances in neural information processing systems
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N
Training ¥ ] Algorithm 1: Residual Vector Quantization

[eJedfel

Input: y = enc(x) the output of the encoder, vector

Encoder\ Decoder quantizers Q; for ¢ = 1..N,

_ Output: the quantized ¢
IIIIIII residual < y

I

1

:

N I

N | i 0.0 |
/\‘ for i =1to N, do |

‘ Denoising \\ 7 += Q;(residual) :
I

1

I

i

IIII residual —= );(residual)
return y

Discriminator

__________________________________________________________________________________________________

Soundstreamf&EIZER,

« Codec: BEME4EREBLUER, EREREK, SikE#/)\, CodecEhif,
« Soundstream: ZHREARVQEYA T MEiEEHLZ M Codec,
- Codec5Tokenizer: B#rEME BEER, KERIREK.

» Zeghidour N, Luebs A, Omran A, et al. Soundstream: An end-to-end neural audio codec[J]. IEEE/ACM TASLP
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. (ER%ME: BRTTSESERiffusion/GANZEA R MEZINEER.

2024/9/6 32



Tokenizertl iy : 1ELE: vs B2

il = B
ELE | - audio-lang ¥ #Eum 2 i) 2k, » audio-language ¥ IETRHEUE -
R F « ESTRIEIRT.

. TEEBHEHLUFA.
- ¥ REBAMELLM@NA{ZEH),
InfraLIZ=E K.

Bl o AFASEBBENEE, - BEUUEEREREREK.
FF#HEscale-up.

o FITFHRES GEUSTELM)

« A[LAE A KInfra,

2024/9/6 33



SNNERL

Language Model

audio
token \ 5 Language Model i

Interrupt Model !
o audio  env.

token token

env.
token

_______________________________________________________________________________________________

IR 7 TR HIRAIE] LT

- ZEEIRSITIT ELMAHTHMER DS, MRS FRELIXTTHIES.
- BRREELITH: IMAEMEEEERAELM, ELMRREEHTTHT.

2024/9/6 34



SIRE T VITA

Aggregate Historical Context
State Token -|||||-|-

. Int t ti
DQuery Audio Text-to-Speech Interruption nterrupt Generation
52 Noisy Audio Toolkit

Aggregation
[ VITA (Generation) ] [ VITA (Monitoring) ]
UL L O [T ARty HENEENE
/ Modality Encoders \ / Audio Encoder \
-|||||-|- @ % 31| [T
Audio Image Video Text Environmental Audio

__________________________________________________________________________________________________

« VITA: XFEMonitoringtZBUSCATISITMIANE SR, FIHTEETTHT

Fu C, Lin H, Long Z, et al. VITA: Towards Open-Source Interactive Omni Multimodal LLM[J]. arXiv preprint arXiv:2408.05211, 2024.
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* MaZ, Song Y, Du C, et al. Language Model Can Listen While Speaking[J]. arXiv preprint arXiv:2408.02622, 2024.
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* Yang Q, Xu J, Liu W, et al. AIR-Bench: Benchmarking Large Audio-Language Models via Generative Comprehension[J]. arXiv preprint arXiv:2402.07729, 2024.
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» Radford A, Kim JW, Xu T, et al. Robust speech recognition via large-scale weak supervision[C]//International conference on machine learning
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YiJ, Wang C, Tao J, et al. Audio deepfake detection: A survey[J]. arXiv preprint arXiv:2308.14970

L 3 K

1
1 : Pipeline detector :

1
Cre Com M) QTD n ! Front-end Backje.nd Real or Fake :
P - A 1 : feature extractor classifier |
rmhere o Textto-Speech |- o 5 Veice Conversi -k"‘J 1 |

1 M =
Tet @ socaler @ speaker 4 @ soesier s : i :
| .
(a) (b) (© : ! Audio End-to-end detector ]‘» Real or Fake :
o L o o 1
= S.,mm) ‘C:;) ey <D :
T | Scene Fake . |
B =5 | - G- B L |
& O @ s @ s P! ,
o © : . Fig. 1. Mainstream solutions on audio deepfake detection: pipeline and [
| end-to-end detector. |
Fig. 2. Five kinds of deepfake audio: (a) text-to-speech, (b) voice conversion, (c) emotion fake, (d) scene fake, (e) partially fake : 1 I
g ! :
| : 1
________________________________________________ 4 * ]
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'fngEl')ﬁD %‘5 vall iy
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Watermarked

I @ denotes the watermarking capacity. For example, 4@16 indicates 4-digit
base-16, equivalent to the 16-bit capacity of WavMark used in the baseline.

Figure 2: The second stage: Watermarking mechanism inte- This annotation is applicable to other tables as well.

grate into language model of VALL-E.

1 ’ i
i ! |
Speech I : 1
— h W |Watermark!  Predicted 3 Table 1: Watermark Imperceptibility Metrics in Speech Recon- :
:::::.::«w Iy Watermark | : struction |
Imprint 1 : |
! |

1 ! .
VALL-E Watermark 1 : Model PESQ1 STOIT ViSQOL Tt :
— - HiFicodec + WavMark(16bit) ~ 3.197 0.947 3.880 :

|

. sy — Watemark o TraceableSpeech(4@10) 3.641  0.950 4.060 :
st .- sy ormation | TraceableSpeech(4@16) 3.569 0.948 3.985 !
L |
i ! |
L |
g ! |
(I |
s ! )

TraceableSpeech: 15/KENERHLM-based TTS Y S

« JKED: EERMEMEF] Lire, HEERI/RIR
« TraceableSpeech: ZELM-based TTS&ZimZimEERkKED,

* ZhouJ, YiJ, Wang T, et al. TraceableSpeech: Towards Proactively Traceable Text-to-Speech with Watermarking[J]. arXiv preprint arXiv:2406.04840, 2024.
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,  Figure 2: A diagram illustrating the three steps of our method: (1 ervised fine-tuning (SFT), (2)1 1
1 reward model (RM) training, and (3) reinforcement learning via proximal policy optimization (PPO) : :
I on this reward model. Blue arrows indicate that this data is used to train one of our models. In Step 2,; |
: boxes A-D are samples from our models that get ranked by labelers. See Section 3] for more details 1 1
, on our method. " '\
| ’ T

- AKX REAEWANGIEERLHFFIDPO,
» Human preference: ASSXILMERHIRERFITFI DR,

* Ouyang L, Wu J, Jiang X, et al. Training language models to follow instructions with human feedback[J]. NIPS2022
» Rafailov R, Sharma A, Mitchell E, et al. Direct preference optimization: Your language model is secretly a reward model[J]. NIPS2022
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