mEms R EHERSE
Speaker:
Hung-yi Lee Z755%
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LF = 2 F == A FF

A Hma =122 (Speech Language Model)

— (Text) |_,
LLIM
Speech
e — e —
LLIM




* Moshi
* https://arxiv.org/abs/2410.00037

e Sesame

* https://www.sesame.com/research/crossi
ng_the_uncanny_valley_of_voice

GLM-4-Voice
* https://arxiv.org/abs/2412.02612

Step-Audio
* https://arxiv.org/abs/2502.11946

Qwen2.5-Omni

* https://arxiv.org/abs/2503.20215
Kimi-Audio

* https://arxiv.org/abs/2504.18425

SpeechGPT

* https://github.com/OpenMOSS/SpeechGP
T-2.0-preview

Doubao Realtime Voice Model

ChatGPT Gemini * https://seed.bytedance.com/en/realtime_

voice :
voice mode Live e justto name a few
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A HEmm= 1= (Speech Language Model)
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: Dialogue Mode

- | Speech
How are you? | am good.

.
----------------------------------------------------------------------------------------------------------------------------------------------

the focus of today

Speech Happy
Instruction M&W i —> —
LLM e

|dentify the emotion How are you?

translate the input
Speech-aware language model
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A HEmm= 1= (Speech Language Model)
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: Dialogue Mode

- | Speech
How are you? | am good.

.
----------------------------------------------------------------------------------------------------------------------------------------------

the focus of today

Not TTS
How areyou? =t TTS —
How are you?

Some TTS models also claim themselves to be speech LMs.



Non end-to-end solution

Speech
 ——  ——

LLM

N
Cascade ye N\

Most speech-to- (Text)
speech systems ASR m— ny m— TTS
use this solution. E

Speech Speech

Synthesis Recognition

Speech Speech
Enhancement

Separation
Sound
Detection

H

Agentic

Solution (Text)
LM

AudioGPT:https://arxiv.org/abs/2304.12995
Speech-Copilot:https://arxiv.org/abs/2407.09886

Style
Transfer

HH
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Strength: Easy to construct F 2025 &£

Weakness: Information loss (e.g., emotion), latency CEESEH B 45 R

—_— Speech
LLM

Strength: Capture all speech information, probably low latency A B L e
B S HIEE ]

Weakness: Still under investigation PR

Nm
/1

N



History of Automatic Speech Recognition ...

Next-token prediction

[ EN || SoRise oo The quick brown -+
Wh I Spe I EncoderBlock | 7 T
(End-to-end)

Encoder Block — Decoder Block

C asca d e —> Decoder Block
GCLES R s g
<< gﬁz 1ﬁ Eg% FE}E >> ) Fnender Rlnck g

tRput Speech F.e A Linguistic Decoding Omipnt
- . Front-end Vectors and Sentence
. P > >
Signal Progessing Search Algorithm

Acoustic
Model
Training

Text
Corpora

Acoustic
Models

Speech
Corpora

g 3 Language
, anguage Model
Lexicon
Model Construction




History of Automatic Speech Recognition ...

https://www.isca-
archive.org/interspeech_2015/
lu15e_interspeech.html

10.4% on SWB ...

https://ieeexplore.ieee.org/abs
tract/document/6854669
(ICASSP’14)

L

Step | Splicing Space CHM SWB Avg
| +9 feature  62.7 476 55.2
2 +5 feature 61.3 40.8 51.1
3 +5 feature  59.9 388 494
4 +5 feature 60.2 41.7 51.0
| +7 feature  65.5 476 56.6
2 +7 feature  59.9 41.7 50.9
3 +7 feature  59.8 40.3 50.1
4 +7 feature 60.0 43.0 51.6
2 +5 hidden 60.7 423 515
3 +5 hidden 58.9 41.7  50.3




History of Automatic Speech Recognition ...

PHONE RECOGNITION USING RESTRICTED BOLTZMANN MACHINES

Abdel-rahm

Department of Cq

https://ieeexplore.ieee.org/abstract/

Table 3. Reported results on TIMIT core test set

Method PER
Conditional Random Field [11] 34.8%
Large-Margin GMM [12] 28.2%
CD-HMM [2] 27.3%
ICRBM (this paper) 26.7%
Augmented conditional Random Fields [2] | 26.6%
Recurrent Neural Nets [13] 26.1%
Monophone HTMs [1] 24.8%
Heterogeneous Classifiers [14] 24.4%
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Deep
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Deep
learning

End-to-end

time



\/’/

(= /////
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Spoken Content Retrieval

( (13 29
spoken IEASSE |
query e po,

“ICASSP” “ICASSP” |

Compute similarity between spoken queries and audio
files on acoustic level, and find the query term

Spoken Content



Audio archive divided into variable- Off-line
length audio segments

Amu‘mﬂ‘m — Audio Word I I | |

" _‘ ol to Vector

"4"‘*—’ Audio Word — [l — Slmllarlty
to Vector

Spoken ‘

Query

On-line Search Result




Au d i @) WO rd 2Ve Cto r This work is done by §f#§i 2.

https://arxiv.org/abs/1603.00982




How can we automatically find certain types
of boundaries in speech?

output output output

{
- h
)

input
att=T

This work is done by F 5&F
https://arxiv.org/abs/1703.07588




Segmental Audio Word2Vector

314159271831415927183i141i509

31415927183141592718314159




Joint Learning of Segmentation Segmental Audio Word2Vector

https://arxiv.org/abs/1808.02228
and Seq2seq Auto-encoder This work is done by -F 25T

* At each time step, LSTM encoder determines whether it is
right before a boundary.

* If it is determined as right before a boundary, a vector (an
embedding for an audio segment) is outputted.

Where to segment is determined automatically.

SN

embedding for x
LSTM . s N 3 —_— —
Encoder * A\’

Sl A L S

audio segment x




Joint Learning of Segmentation Segmental Audio Word2Vector

https://arxiv.org/abs/1808.02228
and Seq2seq Auto-encoder This work is done by -F 25T

LSTM decoder reconstructs the input utterance

LSTM i Ju . - | J
Decoder
1 1 1
embedding for x
1 1 1
LSTM
Encoder 1 ETRT * 1 A\’ TR}

T R A A A A A A

audio segment x



Joint Learning of Segmentation Segmental Audio Word2Vector

https://arxiv.org/abs/1808.02228
and Seq2seq Auto-encoder This work is done by -F 25T

* The learning criterion of LSTM encoder and decoder is the
weighted sum of the following two terms.

* 1. Minimizing Reconstruction error

e 2. Minimizing the number of segments, that is the
number of output embedding

reconstruction of the input utterance

The second term is . s )

necessary. tt *+t *+t t+t t+t t t t t
RNN p < < P < < < < “

If we only minimize Decoder " 1 t

reconstruction error, embedding for x

LSTM encoder would  RWN

Encoder

output embedding at | N R A AR AR SRS SR B

all of the time steps. %MWWWW%

audio segment x
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0000

Generated or real

GA;N text?
S

Generated Phoneme Seq Real Phorfeme Seq

[ Downstream ] [ Phonemicize ]

Unsupervised - N

T . B B Text

v [(Segmen(’;al) Audlo] L y

Word2vec o , _
Unsupervised 1 This is the first unsupervised ASR
in the world.

(Self-supervised) N~ https://arxiv.org/abs/1804.00316

This work is done by ZI|7E g



s Unsupervised Speech Recognition possible?

&0

50 https://arxiv.org/

abs/1812.09323
a0

30

20

PER on TIMIT

10

0
https://arxiv.org/ https://arxiv.org/a
abs/1804.00316 bs/1904.04100



Accuracy

85

80

70

70

a3~

al

a3

a0

45

—

RNN

SUMMIT

MLP

RNN/

HMM

learning 30 years ago.

https://arxiv.org/abs/1904.04100

This work is done by [F 75
| | [ |

TRAF:s+

Augrm.

lattice resc.

The progress of supervised learning

MLP/CRF

Unsupervised learning is already as good as supervised

Deep E elief
MNetworks |

Baltermann

Machines

*  Milestones in phone recognition accuracy using the TIMIT database

[

1390 1997 19594 1394

1993

2000
Date (22 years)

2002

2004

2006

2008

2010

The image is modified from: Phone recognition on the TIMIT database Lopes, C. and Perdigao, F.,, 2011. Speech Technologies, Vol 1, pp. 285--302.

2012



https://arxiv.org/abs/1910.12638

speect WW i
f

Mockingjay

mimic sound it hears ?ﬂ%’
‘ N _Some of the input
4 W “are masked

masked masked

Like BERT
(also, like MaskGIT)



Masking

* Smoothness of acoustic features Masking consecutive features
https://arxiv.org/abs/1910.12638

Lt

P -

* Masking strategies for speech
Masking specific dimensions

Learn more speaker
information in this way

TERA: https://arxiv.org/abs/2007.06028



Speech BB D
GPT “HbHH -

https://arxiv.org/abs/1910.12607 _
APC = Autoregressive
Predictive Coding Linear classifier

i For text:
n=1
el
T ¢ For speech:
L 4
R Usuallyn > 3

Similar to GPT




Wav2vec / HUBERT B

Acoustic Unit Discovery System
r Contrastive loss . (E-Q'-r K-means on MF CC}
] v v r v ' v
* /F ? * * . 2, | z, z, z, 2
Transformer . J L ! o
"HUBERT

) ( Masked Transformer
x, | [MSK] [MSK] [MSK] | x X,
r i ' 3

CNN Encoder ]
Wav2vec HuBERT

https://arxiv.org/abs/1904.05862
https://arxiv.org/abs/2006.11477

https://arxiv.org/abs/2106.07447



“How are you?”
Supervised t

“a| Downstream |

f
1

\ 2

-
Representation
' Model
Unsupervised \ J
(Self-supervised) T

S i

https://arxiv.org/abs/1905.03072
https://arxiv.org/abs/2006.11477
https://arxiv.org/abs/2106.07447
https://arxiv.org/abs/2105.01051

WER

-

o
i

(Librispeech)

/ 6-layer LSTM \

‘0
*
*
‘0
*

2-layer LSTM

A
( h

Supervised wav2vec 2.0 HuBERT

100 hours
K labeled data /

wav2vec 2.0 HuBERT

10 minutes

K Iabeleddata/
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0000

Generated or real

GA;N text?
S
Generated Phoneme Seq Real Phorfeme Seq
[ Downstream ] [ Phonemicize ]
4 N

Word2v v

L 4

Unsupervised 1 .

(Self-supervised) VT ' ||' ”' |

Wav2vec 2.0



/\

{ Using the last layer
of wav2vec 2.0 P
‘:

Groundbreaking

performance of
Unsupervised ASR

[ wav2vec 2.0 model is not helpful

s
{ wav2vec 2.0 is overpraised. ]7




Are speech representation models universal?

() =) Dt

[ ! Head 5, Head u

Speech
Representation

I

Dated back to 2021 ...

[ Mockingjay

<
]
<]
]
J

[ TERA

Unlabeled

Speech Data Speech Representation Models This is not obvious.



S U P E R B Speech processing Universal
PERformance Benchmark

SUPERB: Speech processing Universal PERformance Benchmark
&,ﬁ

Shu-wen Yang', Po-Han Chi**, Yung-Sung Chuang'*, Cheng-I Jeff Lai**, Kushal Lakhotia™,
Liq Yist Y. Lin'*, Andy T. Liu'*, Jiatong Shi**, Xuankai Chang®, Guan-Ting Lin',
Tzu-Hsien Huang', Wei-Cheng Tseng', Ko-tik Lee', Da-Rong Liu', Zili Huang", Shuyan Dong®',
Shang-Wen Li®', Shinji Watanabe®, Abdelrahman Mohamed®, Hung-yi Lee'

Shu-wen
(Leo) Yang

Shang-Wen Abdelrahman Shinji
i Mohamed Watanabe



" S U P E R B Speech processing Universal
PERformance Benchmark
Evaluate a wide range of speech representation models on many speech tasks

Phoneme Speaker [ Emotion ][ Intent ][ Voice Conversion ]
Recognition (PR) |dentification (SID) Recognition (ER) Classification (IC) (VC)

Keyword Speaker Sentiment Analysis [ Spoken ][ Speech ]
Spotting (KS) Verification (SV) (SA) Slot Filling (SF) Enhancement (SE)

[ Speech ][ Speaker Diarization ][ Sarcasm Detection ][ Speech Translat|on ][Speaker Separation]

Recognition (ASR) (SD) (SarD) (SS)

Query-by-Example ] [ Persuasiveness

(QbyE) Prediction (PP)

D D D G D https://arxiv.org/abs/2105.01051
https://arxiv.org/abs/2203.06849

Content Speaker Prosody Semantic Synthesis
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""" LI Most speech representation models are worse than
[ testlayer | acoustic features (fbank) for speaker verification.

f
. r B
1 | knew it. Speech representation
[ Layer 2 ] .
n models cannot be universal. )
[ Lay:r 1 ] Hung-vi Lée

WW Large models such as wav2vec-large and

Does not always lead to HUBERT-large perform as poorly as fbank on

decent performance. some tasks.



Figure credit: Shu-wen Yang

Different Layers Encode Different Information

100 - P — T | o—0—0—¢ 100

—e— S5ID f. o E’?EE—L‘-_“::_H;' - g h__xlll I:a
_ ===~ -2 T ——0. . S . _ [
8[} w-=-"" x HF_H,-K - .’_,__:-""ng._____n‘ X ’xﬁs"\ﬂx " L1-|:L'.lI 8[} al
X e T % o W a—® o
60 - X~ . —e— HuBERT Large h""‘w._____.,l;.—-*' -60 ©
= -#-- wav2vec 2.0 large —0— PR i

01 2 3 4 5 6 7 8 910111213141516171819 2021222324

layers

* PR (phoneme recognition) - phonetic information in the last few layers
* SID (speaker identification) - speaker information in the first few layers

* The last layer of Wav2vec 2.0 large encodes either phonetic and speaker information.



llllllllllllll

[ Last Layer ]
!
t

[ Layer 2 ]

t
AL

[ Layer 1 ]
Does not always lead to
decent performance.

[ Layer 3 ]
) P [ Head ]
III!III ™ ‘

[ Layer 2 ] é)—»- _______
1 1 ‘ ......... ’:’. -,
X B
|||!||| T ot g 4 -
[ Layer 1 ] Jo.i:mtly learned with task-
t specific parameters

R T

“Weighted-sum” is very effective!



PASE+ 25.11 61.12 51.41 34.66 70.18 88.25 62.14 60.18 0.72 '11.61 8.68 3.16 8.66 30.60 63.20 2.56 93.90 9.87

APC 21.28 62.34 54.03 35.05 69.95 90.32 70.46 50.90 3.10 10.53 5.95 | 8.05 27.20 Eywsl 2.56 93.40 8.92

21.20 62.85 54.14 35.80 71.04 90.42 68.53 52.91 2.51 93.40 8.44

VQ-APC 1045 423 \

20.20 60.75 49.68 34.43 ( 93.10 8.04

22.82 65.01 58.28 36.87 o ROW = SSL mOdE|
e Column — Task

NPC

Mockingjay 3 9340 9.29

TERA 18.17 57.89 48.56 30.80 4 93.60 10.19

Audio Albert 20.43 61.30 52.14 34.82 93.80 9.93
 Value — The darker, the better

DeCoAR 16.57 57.25 47.11 32.12 93.70 9.69

DeCoAR 2.0 . (kWb 52.56 41.98 27.27 60.01 80.99 ERMEEEIWEN 406 B2 ; } IVALEEOWEE 2.47 93.20 8.54

20.18 61.82 53.45 34.92 68.13 90.78 71.19 49.91 3.26 12.86 10.38 4.82 8.41 26.20 71.00 2.57 93.70 10.40

Modified CPC }

S

wav2vec Rt 15.86 54.95 45.33 30.25 59.74 84.49 | 76.37 43.72 4.85 BENON 990 6.61 BALIRGROEKERIEE 253 93.80 9.30

17.71 60.02 51.44 35.26

vg-wav2vec JERE 4.10 10.38 9.93 5.66 EAEERREIENLING 2.48 93.60 8.16

FaST-VGS+ A Rl 46.48 35.53 SR AN A RV R VAV 2.57 93.94 9.76

LightHuBERT Stagel KN 5.71 | : 4 7.37 5.14 5.51 16.41 7.74  13.12 94.50 PARSICEEECE NN RENCRCK;

LightHuBERT Small gGR{Y RST 47.26 37.48 ] MRS Y 87.58 26.90 7.64 5.42 | 5.85 VOSSN RCI I Sl 2.54 93.85 9.45

>4 ‘

DPHuUBERT gy Y8 48.98 38.46 {‘g 56.12  75.25 BRIV IR Z I PAN 12.00 BVACKIINIURIERC OGN 2.56 93.97 9.65

11

DPWavLM ¥y ONEN 46.29 33.99 [niul

Speech SSL models can be universal!

CoBERT Base [geXils (I 1436 34.27 L 8.25

dlableccredizaSh

N saraxsr Israrns D N 3 3 > L N1 0 - y, 3 18 ) "EeY O aA 12 10 o

5.39 42.39 882160" 23.62 | 52.44 60.92" 89.39 22.88 | 6.65 5.82 4.84 18.74 7.23 9.68 99.25 [RICEEE-T % EEEN0Rs1C)




cement in the Waveform Domain

INTERSPEECH is one of the top three
Internationally recognized conferences in the
field of speech processing.

"U:'f’:s.”i_!'ﬁf-j{ﬁ‘”' or Speech Research

200



Th SUPERB AV-SUPERB: A MULTI-TASK EVALUATION BENCHMARK
S FOR AUDIO-VISUAL REPRESENTATION MODELS

U NIVerse Yuan Tseng', Layne Berryv®*, Yi-Ting Chen™, I-Hsiang Chiu'*, Hsuan-Hao Lin"*, Max Liu'*,

e oy ¥ oorcrl: rFy.__ o wr_ wvir_ 1l wr_cr = wir lx W lL?HHﬂﬂHJ, Ch"ﬂ—Mﬂﬂ LIIH-I.

ML-SUPERB: Multilingual Speech Universal PERformance Benchmark ., Feng', Hung-yi Lee"

Jiatong Shi', Dan Berrebbi'; William Chen'*, Ho-Lam Chung™*, En-Pei Hu**, Wei Ping Huang™, Austin. USA
Xuankai Chang', Shang-Wen Li®, Abdelrahman Mohamed', Hung-yi Lee”, Shinji Watanabe'  * At : ustin,

DYNAMIC-SUPEREB: TOWARDS A DYNAMIC, COLLABORATIVE, AND COMPREHENSIVE

1y, -
Camegie Mello INSTRUCTION-TUNING BENCHMARK FOR SPEECH

{jiat:unqs, dberr=bl

Chien-vu Huang l Ke-Han Lu*", Shih-Heng 'Ir‘ri*mgf], Chi-Yuan Hsiao", Chun-Yi Kuan™, Haibin Wu"

. . . i*, Roshan Sharma®, Shinji Watanabe”
IndicSUPERB: A Speech Processing Universal Performance Benchmark

’ i Hung-vi Lee"
for Indian languages
Conferences > ICASSP 2025 - 2025 IEEE Inter.. @

Tahir Javed'Z Kaushal Sa .
Anoop Kunchukuttan?® pr 19=SUPERB: A Target Speech Processing Benchmark for

Speech Self-Supervised Learning Models

Indian Institu - :
2 AJAB} Publisher: IEEE

Junyi Peng ; Takanori Ashihara; Marc Delcroix ; Tsubasa Ochiai; Oldrich Plchot; Shoko Araki All Authors



Wav2vec-U: Unsupervised ASR with Wev2vec

Wav2vec-U uses the
15th layer instead of
the last layer.

PER on TIMIT

&0

50

a0

30

20

10

0

https://arxiv.org/
abs/1804.00316

https://arxiv.org/
abs/1812.09323

B Unsupervised learning

https://arxiv.org/a
bs/1904.04100

Bl Supervised learning

Wav2vec-U
https://arxiv.org/a

bs/2105.11084

https://arxiv.org/a
bs/1811.07453




R E B O R N https://arxiv.org/abs/2402.03988

* Librispeech

* training data:
* 100 hours

PER (%)

10.3

a.4
wav-1J Strgar & FURD wav=11 2.0 widv=I 2.0 QOurs Clurs
Harwath + 8T (REBORM} + 5T

(2022)



Listening Comprehension (Speech QA)

Answer

Speech QA

T

-

Spoken Document Question




Listening Comprehension

* TOEFL Listening Comprehension Test by Machine

Audio Story: (The original story is 5 min long.)
Question: “What is a possible origin of Venus’ clouds? ”
Choices:

(A) gases released as a result of volcanic activity

(B) chemical reactions caused by high surface temperatures

, (C) bursts of radio energy from the plane's surface
This work is done by & fH#£]]

https://arxiv.org/abs/1608.06378 (D) strong winds that blow dust into the atmosphere



Listening Comprehension (Speech QA)

Answer
Text QA
Text document Text question

t ¢

This work is done by Z={EH#T T T

https://arxiv.org/abs/1804.00320

https://arxiv.org/abs/1808.02280
Spoken Document Question




End-to-End Speech QA Answer

Downstream Head

Speech Representation Model
(HUBERT)

This work is done by 5 1 £
https://arxiv.org/abs/2203.04911

it o o

Spoken Document Question



End-to-End Speech QA

0.7
0.6
—
[
-
ICASSP2022 T
» O
i , , 9
Expert Session: EXP-6: How versatile are o
self-supervised models? =
3
2 0.3
c
L)
. v
Hung-yi Lee, National Taiwan University, Taiwan.
0.2

IEEE (75

@cussp 2022 IEEE

https://rc.signalprocessingsociety.org/conferen
ces/icassp-2022/spsicassp22vid1971

https://arxiv.org/abs/2203.04911

- (Cascade approach (SB)
— DUAL (HuBERT-128)

End-to-end

/ . speech QA

Cascade: (without ASR)
ASR + Text QA
10 20 30 40 50 60 70

Word Error Rate (WER)



Self-Supervised Speech Representation Learning:
A ReVieW https://arxiv.org/abs/2205.10643

Abdelrahman Mohamed*, Hung-y1 Lee*, Lasse Borgholt*, Jakob D. Havtorn*, Joakim Edin, Christian Igel
Katrin Kirchhoff, Shang-Wen Li, Karen Livescu, Lars Maalge, Tara N. Sainath, Shinji Watanabe

C ¢
S N e 3 s
Qﬁ PR & \;a > S ¢ $5 . O . A O
& e 5 ‘b Y & Lc & @ Q
ij&p \“éb (; Qﬁ* i; 6§L P §&>a§t;¢%éb db (€E§<$»§SC§> b Qj“ %& C/‘QRQ <gg¥ <bQC'4>,\ W égl Q\ 'QQF
OC WO o 0*‘ CQ P ?3 QO‘$$\°%Q Nl VT‘°®° SRS %Q*é ‘t\ ‘a 6‘°\ =
& 4] (<] & 8] ] (<] ol é ® [} (c] o ] [ [c] S 2] o (] O 2] (<] (-] . . .

C > ° ° ° .- - ® &
2015 2016 2017 2018 2019 2020 2021 2022

* Generative models ® Contrastive models Predictive models

Embedding models ¢ Multi-modal models



Useful Toolkit!
The S3PRL toolkit

Creator

L
Shu-wen
(Leo) Yang

R
Andy T. Liu

Mockingjay Key Word

Detection
TERA Spoken Term ]
Masked DeCoAR Use upstreams with Phone Libri ]
Reconstruction torch.hub
DeCoAR 2.0 even without cloning Phone TIMIT | Recognition
NPC Your own project ASR ]
Masked [ HUBERT Intent Classifi ]
Frediciion | DiscreteBERT Slot Fillng |
. Semantic
. [ APC A Unified Translation J
Autoregressive Interface
Reconstruction
( VQ-APC Spoken QA ]
[ CPC Enhancement
Generative
[ wav2vec Separation
Contrastive For All
| vg-wav2vec Speaker Classifi
[ wav2vec 2.0 Speaker Verifi ] Speaker
Multi-task PASE Diarization ]
FBANK Emotion Classt Emotion
Handcrafted
log Mel Extraction ] repr.
Customize [Any Upstream Any Downstream] Customize

Over 2.5k stars & used by over 180 repos







Generative Spoken Language Modeling
(GSLM) from Raw Audio

S peeCh I_I_I\/l https://arxiv.org/abs/2102.01192

Waveform Waveform

Wi Wi

JuUUuugy JO0googdd

Token Sequence Token Sequence

Speech
[][][][][]—>—>[][][][][]




Tokenization

(

M—»—w bt

[ Representation Model @

'
JUoudout

‘ K-means or VQ-layer

EBIENENIES|E2 EN ERIED

= Deduplicate
v P

lllllllllllllllllllllllllllllllllllllll

---------------------------------------

V BPE (Byte Pair Encoding)

s) 7

M—»——M}-mm



Another possible pipeline of speech tokenization

Neural Speech Codec ’ M—»——M-H*m
The tokenizer and detokenizer - 4 .
are learned jointly. [ Toke_mzer ]
E [ 3 ] 77 | 23 | a4 |
Codec *
-\\A | . [ Detokenizer J
decompression =
compression :""-"> - ' “' | | }"*"’*“‘



Various Types of Speech Tokenizers

Two Types of Tokens M—»——’»FM B b e g

Speech , . Neural
Tokenizer
Representation [ lieleemzer ] [ | ] Codec
}

oo ggugd JUouougud

“Sematic Token” “Acoustic Token”

Which one is the best choice?



Just use all of them!

Audio LM https://arxiv.org/abs/2209.03143

Semantic _
modeling Semantic tokens W—W
C :
ES:EE ¢ modeling Semantic tokens {fr:r?]a::;:: u;t ::f ttul.:!;;m | SoundStream Decoder
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https://www.youtube.com/watch?v=gkAygoQkOSk
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Very challenging!

Speech LLM
M—*‘—»“Wﬁ (speech — NH**

He assassinated the president token Only)

He assassinated the president and gave mister
johnson the last charge of improvement in his

https://arxiv.org/abs/2306.02207 writing possible three point eight nine.
{ Does this sentence make sense? J>
. : : )
... While the sentence has recognizable English words and phrases, as it is
@ currently constructed, it doesn't coherently communicate a clear, singular
chatcpr \  idea or sequence of connected ideas. ...

)




In-context Learning | happy|

( )

Speech Language Model

] i 1 f
[happv] [ sad ]]
De mon:tration

e Text LLM usually has the in-context learning capability, but speech LM

(GSLM) has not shown similar capability.
https://arxiv.org/abs/2310.12477



Prompting Speech LLM for Different Tasks

https://ga642381.github.io/SpeechPrompt/

Kai-Wei Chang

SCR ASR

Command Recognition Speech Recognition

IC LID

Intent Classification Language ldentification

SD

Sarcasm Detection Downstream Task

({'j Prompt

Spoken Language Model

|
bt s i e

Speech



Why is training speech LM so challenging?

» Pre-trained
E Speech LLM

1M hours of speech data

100 text tokens
per minute

LLaMA 3 pre-trained

E on 15T text tokens ...
| 6B text tokens 285k years of speech data



BLIMP

Why is training speech LM so challenging?

https://arxiv.org/abs/2404.00685
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Besides content, speech LLMs also have to learn to understand other information
(such as speaker identity, emotion, etc.) that text LLMs do not have to.



until .......

GPT-40 Voice Mode

Source of image: https://www.youtube.com/watch?v=DQacCB9tDaw



Start Over

Server Audio Stats

Audio played: @:00.00
Missed audio: 0:60.00
Latency: & .000
Min/Max buffer: ©.000 / 0.000

Download audio
Download video

How to convert to mp4

https://moshi.chat/




3. HN{EI R FB3R AR ST A5 A
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https://arxiv.org/abs/2310.08715
https://arxiv.org/abs/2402.05755

https://youtu.be/CgQ3lUOpXgc?si=LhzqukKSJTdOTjZCw




Starting from Text LLM Answer

RS 4 Downstream Head

Initialized by text
LLM (BERT)

Speech Representation Model

(HuBERT)

DUAL
https://arxiv.org/abs/2203.04911

!

Spoken Document Question

GSQA
https://arxiv.org/abs/2312.09781




Starting from Text LLM

How are you? ==p Text —p | am good.
LLM
l Initialization

37 )] —> —>[71][34][ 3 )2

TWIST
https://arxiv.org/abs/2305.13009




Jointly learned from the speech and text

Widely studied in the era of shared encoder

. ®© o o

A A A

L ? Mix up .'-. : : |
\ ‘0.0 .0 010  @::
: Quant er y
Speech Hiee

/ LLM ullllll

Transformer Encoder

H / \ J Cross-modal

Speech-encoder Text-encoder vector quantized .
Pre-net Pre-net speech/text latent Source:
representations
X1 xt 1 5 o speechT5

, o Ao
How to better al'gnment https://arxiv.org/abs/2110.10329

between Speech and text https://arxiv.org/abs/2110.07205
https://arxiv.org/abs/2204.03409



Jointly learned from the speech and text

* Methods for spoken LM

[ how ][ are ][ you ]

paired data available

(Unlike typical pre-training, interleaving

some labeling is required here.)

ERCA TN A EAER E

o)) e )

Pre-training on
hybrid sequences

)]l e (s 23]

Toward Joint Language Modeling for Speech

Units and Text
https://arxiv.org/abs/2310.08715

Spirit LM
https://arxiv.org/abs/2402.05755




Text-Speech Hybrid Generation

Text
—] [how][are][you]

Initialization

Prevent forgetting the text LLM's capabilities.
v « "

—_— how]£ 3 |77 ) 23 J[ a.;e (22 ) 72 | you ]{ 34 | 3 23,]
[ I | |

[ Detokenization ]

}
I e




Text-Speech Hybrid Generation

Each corresponds to a fixed period of time, such as 0.02s.

Speech Tokens o longer

how are you

n * .
e T L A
- . . Py )
. . .
B g e e
. Y .
B e et e
. . .
B et et ge®
S S T S e
e e e
. . .
| ] . . Py
. . .
. T S T Y
. . L 34
et et g
“““
et et et
n . . [ 4
. . .
n . . s
. .* .
S ST S T S 4
] . . .t
. .
n .®
L}
L}

\ N Complex Alignment: Each text token
[how ][ are ][ you ] .
corresponds to a different number of
Text Tokens shorter speech tokens.




Text then speech (sentence-level):
https://arxiv.org/abs/2305.15255

/‘ \ This is almost TTS

[ how ][ are ][ you ] [ 3 ][ 77 ][ 23 ][ 12 ][ 71 ][ 34 ][ 3 ][ 23 ]

Drawback: cannot streaming

Text then speech (word-level):

https://arxiv.org/abs/2411.07111
https://arxiv.org/abs/2505.17496

L ohow s )7l ere (227234 ][ you (3 J(23]

We need alignment between text and speech during training.

Text then speech (chunk-level):
https://arxiv.org/abs/2412.02612

ST £ 622 ST |21 7 T 2 | e




Text-Speech Hybrid Generation

Text and speech at the same time

Spoken LLM

The text token and speech token do not have the
same scale (their lengths differ significantly).



Mini-Omn

h : iv. b

o] () G (2 (2] (o) (o)) (2] aomawrs o

CTC loss

[LaMA-Omni
https://arxiv.org/abs/

(how | [ & | [ e | [ e | [are] [ e ] [ e ] [ &€ | 240906666

L J L J
Y Y
fixed number fixed number

Moshi
https://arxiv.org/abs/

(how ] (e | [Le ) [are]) e ] [you] [Le ] (e ] 241000037

This is similar to a duration model.



Text then speech (word-level)

"\ Dscoger ]
Text Display

)@ 00000
\ /7
OOOOfOOOO

Standard Decoder-only Transformer

A

LLM
A f f
Wser] O O O O O O O O IMUSER] [Al]
A
- A O 0O ofo leYe)
ASR Encoder | Streaming O TextToken
t 3 O Speech Token

Sys Prompt M Fobomde
https://arxiv.org/abs/2411.07111

ol
\_\ Vocoder _7

[ | u_: 88 l}

| Vocabulary Embedding |

BEEERDO0O0O [) Text Token

/ Speech Encoder '\ E] Speech Token

T

https://arxiv.org/abs/2505.17496

| am hungry now. Can you give me
some ideas?

The training data is
approximately 1,000 hours.

I'd be happy to help you with some ideas for
something to eat. What kind of food are you in the
mood for? Are you craving something sweet, savory,
or something else? Do you have any dietary
restrictions or preferences? Let me know and | can
suggest some options for you.

B e AT FESR e




3—-—4Hz

— [how][are][you]

Initialization
3

e 0|63 £ €1 78§ 610 670 ER EN )

* 50 Hz

Ten times the length and one hundred times the computational
cost for attention...
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TASTE: Text-Aligned Speech Tokenization and
Embedding for Spoken Language Modeling

Liang-Hsuan Tseng**® Yi-Chang Chen*! Kuan-Yi Lee*® Da-Shan Shiu' Hung-yi Lee’

*Equal contribution 'MediaTek Research
“Internship at MediaTek Research  “*National Taiwan University

https://arxiv.org/abs/2504.07053

Liang-Hsuan Tseng Yi-Chang Chen Kuan-Yi Lee
(NTU) (MediaTek) (NTU)



Can we have speech tokens designed for text-
speech hybrid generation?

1. Straightforward relationship with text (cannot be fixed duration)
e.g., one speech token corresponds to one text token

S ) L [ ) e
»
1 1

Woeb-— b it o} b




Can we have speech tokens designed for text-
speech hybrid generation?

1. Straightforward relationship with text (cannot be fixed duration)
e.g., one speech token corresponds to one text token

Text-speech hybrid generation can be so simple.

[howISG][areI33][you1162]

Speech LLM




Can we have speech tokens designed for text-
speech hybrid generation?

2. No need to include content information. i “'V i '* 1 H
Speech tokens focus on information that .
cannot be expressed by text. Detokenizer

how are you | | | eeeeee

Speech LLM




different layers - - - - - - - - = = — =

Each corresponds to a
fixed period of time.

e.g., Whisper Encoder

M—FMH*W



Detokenizer

B i - rede-

Use the network architecture 4*
of the TTS model (CozyVoice)

query how are  you key
A U U uUuuUuuuuuuuy Uy
- n s D s N e N e N e N e D e D e N e O e D e N e
.g ‘IIIIIIIII.IIIIIIII.. Value
c< 3 . JuUduuuuduudu
Q . i
x | | |
= : ASR : _
. . Pre-trained Speech Encoder
’..IIIIIIIIAIIIIIIIII’. eg WhlsperEncoder




b v e

How to pronounce a text token how -

N
*

... ““v
Saggunt

)
query how are  you key
A U U uUuuUuuuuuuuy Uy
- n s D s N e N e N e N e D e D e N e O e D e N e
.g ‘IIIIIIIII.IIIIIIII.. Value
c< 3 . JuUduuuuduudu
Q . i
x | | |
= : ASR : _
. . Pre-trained Speech Encoder
’..IIIIIIIIAIIIIIIIII’. eg WhlsperEncoder




query how are  you

key

TASTE (Text-Aligned Speech value
Tokenization and Embedding)




mm

but now Murdoch came around to stare at the gang Any news on the dancer s assault case?

Tokenlzer Tokenlzer

%%WM b-4b e M——»—MH*W

... but now Murdoch came around to stare at the gang ..

Any news on the dancer’s assault case?



M——F—*—W- T S X YR

but now Murdoch came around to stare at the gang Any news on the dancer s assault case?

Tokenlzer Tokenlzer

WM»}FWM H*»-m- M—MH**

... but now Murdoch came around to stare at the gang ..

Any news on the dancer’s assault case?



https://arxiv.org/abs/2504.07053

Training Speech LLM
(& | s6 | [ my | 33 ] [ eys | 162 |

Text LLM as
initialization """ s

[(look | 200 ] [ a [ s6 | [ my | 33 |

—»[101] [ s6 | [ 33 | [ 162 |

a large amount of unlabeled audio data




Compared with Other Pretrained Models

Continuation

Model A M—MM Evaluation
|

e ASR+GPT-40: semantic

coherence
MH’N‘”‘ =1 Model B IM :| ‘* ‘| ‘ o * UTMOS: audio quality
| | * Human: how reasonable

the utterances are

Model C WﬂHW



Compared with Other Pretrained Models

Metric
T GPT-40
B UTMOS
B Human

TWIST 1.3B

TWIST 7B

Compared with the spoken

Spirit LM‘ LLM with supervised

instruction fine-tuning

Spirit LM Expr.

Our 1B (S3 token)

o 16 1 ) e




English Demo

MOCHIRON DAISUKI AISCREAM!
Of Course | Love Aiscream!

Source of video: https://www.youtube.com/watch?v=Dc7gc7BECKO

[ERRAIRFA TSR E(2025)] F+258 : FSHRBNARERNE - WAFSESHEERE

i https://www.youtube.com/watch?v=gkAyqoQkOSk&t=4450s



Chinese Demo
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Chinese Demo

A ERHERF IS
BAS IR 2
IRIF~FE TGRS T MVP
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LRI R R SR AR A5 IR



-----------------------------------------------------------------------------------------------------------------------------------------
* .

 SyllableLM: Learning Coarse Semantic Units for Speech Language Models
: * https://arxiv.org/abs/2410.04029

* Sylber: Syllabic Embedding Representation of Speech from Raw Audio
: * https://arxiv.org/abs/2410.07168

* CodecSlime: Temporal Redundancy Compression of Neural Speech Codec via
: Dynamic Frame Rate
* https://arxiv.org/abs/2506.21074

*
ﬂ\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\‘-‘
n

° TaDiCodec: Text-aware Diffusion Speech Tokenizer for Speech Language Modeling
* https://arxiv.org/abs/2508.16790 Text

q
------------------------------------------------------------------------------------------------------------------------------------------ .

“« FlexiCodec: A Dynamic Neural Audio Codec for Low Frame Rates
* https://arxiv.org/abs/2510.00981

° TASLA: Text-Aligned Speech Tokens with Multiple Layer-Aggregation
: * https://arxiv.org/abs/2510.14934 :
Text + Dynamic Token Rate :

lllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllll






How to Train Speech LLM
Unlabeled . Pre-trained

speech data E Next “Speech Speech LLM
Token” Prediction

pm

Human Lol Speech
—
annotated data AN\

v LLM
<Y SFT

Text
Text ex | ' TS | speech.
LLM conversation conversation

https://arxiv.org/abs/2411.07111




How to Train Speech LLM
Unlabeled . Pre-trained

speech data E Next “Speech Speech LLM
Token” Prediction

L] ]
Human -
annotated data AN\ g
< SFT
Preference I I
—
data RLHF




Alignment with Feedback

-+ Speech




Alignment with Feedback

Reward
|

Speech
s e
i —> LLI\/I

Rewa rd
ﬁ
| Model x
Speech LLM input MHH& —>1 Reward {ﬂ"’ \
Y @rrunnns > ~ |
Speech LLM output —] Model x




Alignment with Feedback

Curriculum
Learning

Pre-trained SLM

LoRA %

4 \
Speech

tokenizer

— -

speech prompt

N

S

/ Continuation

tokens

Unit
Vocoder

— -

Optimization

Continuation

Guan-Ting Lin

(with researchers from
the Amazon GAIl team)

A z
W
X
/
q

https://arxiv.org/abs/2411.01834

Preference data selection

waveform /
— i . —» Jext1 —»
LLM
- — Text2 —=
| ASR Evaluator
_...||“||| . —» Text3 —»

\ Direct Preference

(DPO) —

o i

< rejected th rashr:rﬁu

— 1 rejected

< chosen threshold
—» 2 filtered out
> rejected threshold

— 4 o chosen

= chosen threshold

/

v
it

Preference data pair =( |

prompt chosen rejected

il

~

\'.



Shu-wen
(Leo) Yang

Alignment with Feedback

(with researchers from the
ByteDance Seed team)

https://arxiv.org/abs/2511.08723

Query 1

Same content

Emotion

Gender
ARauL s f‘ Gl Age

-

Tk

Feedback

Base $2S model




Alignment with Feedback

* https://paras2sbench.github.io/
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Text LLM + Reasoning

Reasoning
(text token, not shown to users) Text output

O] e e

| |

Text LLM

]

e e

Text input




(Actually, text-speech hybrid
Speech LLM + Reasoning generation is used, but do not

show the text token here.)

Reasoning
(text token, not shown to users) Speech output

(OO 00000

Speech LLM

Audio-Reasoner

Q O Q O https://arxiv.org/abs/2503.02318

Speech input Audio-Thinker

https://arxiv.org/abs/2508.08039



Simultaneous Thinking and Talking?

Reasoning Speech output

OQQQ\[ D | O | | ]}QOQOQO
=

Speech input Y Al
Waiting ... >

T OO O O OO  Doweneedanew
Speech output A architecture to achieve it?
O O O ©< Simultaneouslyi Two decoders with
Speech input cross-attention?
0 | o o o

\ .
Reasoning



STITCH: SIMULTANEOUS THINKING AND TALKING
WITH CHUNKED REASONING FOR SPOKEN LANGUAGE

MODELS

Cheng-Han Chiang'?* Xiaofei Wang®' Linjie Li* Chung-Ching Lin?> Kevin Lin?
Shujie Liu> Zhendong Wang” Zhengyuan Yang® Hung-yi Lee! Lijuan Wang’

'National Taiwan University 2Microsoft

https://arxiv.org/abs/2507.15375

Cheng-Han Chiang and
Microsoft Researchers




STITCH: Simultaneous Thinking and Talking
with Chunked Reasoning

Using GLM-4-Voice-9B as example On an A100, this only takes ~0.5 seconds.
39 tokens 39 tokens .""
l 1.5 seconds buffer? 1
Detokenizer Detokenizer
N/

\M—»—M mm\%k%w

~2 seconds




STITCH: Simultaneous Thinking and Talking
with Chunked Reasoning

On an A100, this only takes ~0.5 seconds.

39 tokens 100 reasoning tokens 39 tokens ‘,“'
O OO0 (I OO O O
l 1.5 seconds buffer? 1
Detokenizer Detokenizer

\M—*—M H*m\ -}

~2 seconds




Typical Speech LLM + Reasoning

OO0 Iy © 0O O0,0 0 0 -

Speech input Reasoning \

STITCH

OOO\OOOI[ ) OO O T O e

Speech input \ \




How to prepare training data

* There is already some speech-to-speech dialogue datasets (e.g.,
VoiceAssistant400K)

Speech input Reasoning Speech output

| | |

]

Text transcription Text tra nscrlptlon




Speech input Reasoning _ Speech output

[ L R i Rz i R3 i J[S1is2}s3i )
100 100 100 | . .
tokens tokens tokens

e | (5w ) () ) (BB )

Finetune Learning Target

GLM-4-Voice-9B



53.08

GLM-4-Voice Same
extra training data latency
Training without Reasoning \ ----- ‘é\--sz.gs s EREREEEREER
| : reasoniné

Typical Reasoning 79.12

STITCH (Reasoning First) 78.70

only slightly
degrade the
performance | STITCH (Speaking First)

78.04 unnn

0 2IO 4|0 6|0 8|0 160
. . . . Average Accurac
Note: Audio quality is not influenced. ? Y



Dynamic Reasoning Chunk Sizes

device-dependent Slower GPU longer
» less On athhis only takesbﬁﬁ\seconds.
39 tokens “ 18Q reasoning tokens 39 tokens “,o"
O OO0 OO oo o o
1 TSseconds buffer?
; shorter
Decoader
<)

\MM "

~2 seconds




Dynamic Reasoning Chunk Sizes

What would happen if the training and testing reasoning chunks have different
numbers of tokens?

Training

100 tokens 100 tokens

000 OO © 0o OO

Testing

< 100 tokens < 100 tokens

OO0 L 000 ] O0O0




90 -

—
ED R . /

= 9o .

P * Shorter reasoning chunks
~70 i ® vield to worse performances
R
3 L ]
< 60 ¢ e Still better than “no

P —— AddSub reasoning” in many cases

0 ——  MultiArith

Pl —— SinglEg

— S5VAMP
40 GSMEK
DA Fau 70 80 90 100
< N' token

No reasoning . . o
Tokens in each reasoning chunk during inference



> Text Input

[ Text LLM
Y | Y |
ASR O OOy OO0 I
Y | Y |
[ Speech LLM
T
o | I =1 Can we use the reasoning process generated by a

text LLM to improve a speech LLM?
Speech input



—— glm-4-9b-chat
90 —— Llama-3.1-8B-Instruct
——— Llama-3.2-3B-Instruct
Llama-3.2-1B-Instruct
85 —— stitch-R

o
=

Accuracy
“ted|
Ln

70

—

B>

60 70 80 90 100
N token

Tokens in each reasoning chunk during inference

GLM-4-9B-Chat provided reasoning.

_ Reasoning by speech LLM itself

(Finetune GLM-4-Voice-9B)

Llama-3.2-1B-instruct

The speech LLM did leverage
the reasoning tokens.



Demo Video

User: Claire makes a 3 egg omelet every morning for breakfast. How many dozens of eggs will she eat in 4 weeks?

Source: https://d223302.github.io/STITCH/




* Mini-Omni-Reasoner: Token-Level Thinking-in-Speaking in Large
Speech Models
* https://arxiv.org/abs/2508.15827

e Stream RAG: Instant and Accurate Spoken Dialogue Systems with
Streaming Tool Usage
* https://arxiv.org/abs/2510.02044

 SHANKS: Simultaneous Hearing and Thinking for Spoken Language

Models
* https://arxiv.org/abs/2510.06917

* Can SpeechLLMs Think while Listening?

* https://arxiv.org/abs/2510.07497



Concluding Remarks
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Beyond the Turn-based Game

Text Conversation

User 1: — text | | text |

Turn-based

User 2: | text | text

Speech Conversation

Speaker 1: —MW

Full-duplex : overlap
Speaker 2: :



|1. Pause Handling | | 2. Backchanneling |

User User
) |
Model - Model
1. User Interruption | 2. User Backchanneling | S T
Wanll want to .. uh-hum . .
Guan-Ting Lin

3. Smooth Turn Taking | ||| . .||||| A .
: +~'|«JN_. ees L : !
I <i> | [ 1

User - £ il s Il
! Model 1 .
7! 1| E ' Role: You are a diner reserving a table tonight or tomorrow | 1ask Family
; | L Okay let me .. Turns (semantic goals): ‘
Model 1 11T Mo (respond) T1: Ask to book dinner in a broad window (tonighttomorrow) Daily
T L) 1| L = 3. Talking to Other | T2: Provide party size and window seating preference. Correction
' What's the beiling Hey Grandma, I'm ' T3: Give contact name/number Entiity Tracking
point of ethanol? ___  fine, don't worry. T4: Ask to confirm place, time, and party. Task instruction Safety

https://arxiv.org/abs/2503.04721 I|||| § ||||||||| @ L
I : re?s?..;‘re] Examlnar

E ;" “lh"l'm“' - e o ._

1 © you ralkin ~ Orchestrator (Streaming Interaction WebRTC Framework) |

|

The beiling pointbf ¢
athanol is someone els
- (uncertain)

https://arxiv.org/abs/2507.23159  Model

Metrics on multi-turn (1) turn-taking (2) instruction-following (3) task-specific goal

Fu I I - Du plex' Be nc h https://arxiv.org/abs/2510.07838
(With Shih-Yun Shan Kuan)



Do speech LLMs know how long 10 seconds is?

Kai-Wei Chang

https://arxiv.org/abs/2509.26388

(Rock) (Paper) (Scissors) (Shoot!)

User channel < t[1][[e-afa]| it |1 ea]o]1r-oe
Dual-channel
Evaluation
Agent channel
(Scissors!)
Constraints Examples
Time Remain silent for 10 seconds before giving your response.

n' Tempo Count from one to ten with the tempo <bpm=E60: dah-dah-dah.

g Simul Say your choice on “shoot.” Rock, Paper, Scissors... Shoot!



On The Landscape of Spoken Language Models:

A Comprehensive Survey

Siddhant Arora'* Kai-Wei Chang”* Chung-Ming Chien?* Yifan Peng'® Haibin Wu®*#

Yossi Adi'"T Emmanuel Dupoux® Hung-Yi Lee?
! Carnegie Mellon University, USA

? National Taiwan University, Taiwan

1 Toyota Technological Institute at Chicago, USA
! Hebrew University of Jerusalem. Israel

7 ENS - PSL, EHESS, CNRS, France

https://arxiv.org/abs/2504.08528

Karen Livescu®™ Shinji Watanabe!*

@ Pure Speech LM A Speech-Aware Text LM Il Speech + Text LM
& ch Encoder § ext LV @® Commercial SLM

QO Publicly available @® Closed-source

¥,

Phi-4- %
multimodal *

SLAM- Baichuan-
Align-SLM Omni )wen 2.5

Omni-1.5 MinMo MiniCPM-o

VITA-1.5 LUCY

Freeze-Omni GLM-4-Voice

Mini-Omni2 AC LLaMA-Omni EVI2 Mini-Omni
' 4 ' : l';'l
VoiceTextBlender Moshi DeSTA2
WavLLM EVI1 GPT-40
A—O 4 *—ik ,
Gemini 1.5 SpeechVerse DiscreteSLU
AnyGPT SpeechTokenizer Gemini Qwen-Audio
00— O—(2024 ) &
SpiRit-LM cosmic
Speech-
LLaMA LLaXSM NEx‘I:-GPT LTU‘ AS SAILM SU'I"LM
SLM VoxtLM Qwe tGSLM SALMONN

VioLA TWIST SoundStorm X-LLM

AudioLM EnC

4
% alLM  WavPrompt
A—

dGSLM




	Slide 1: 語音語言模型的發展史
	Slide 2: 免責聲明
	Slide 3: 語音語言模型 (Speech Language Model)
	Slide 4
	Slide 5: 語音語言模型 (Speech Language Model)
	Slide 6: 語音語言模型 (Speech Language Model)
	Slide 7
	Slide 8
	Slide 9: History of Automatic Speech Recognition … 
	Slide 10: History of Automatic Speech Recognition … 
	Slide 11: History of Automatic Speech Recognition … 
	Slide 12: 一般人想像中的技術發展
	Slide 13: 實際上可能是這樣 ……
	Slide 14
	Slide 15: 1. 序章
	Slide 16: Spoken Content Retrieval
	Slide 17
	Slide 18: Audio Word2Vector 
	Slide 19: How can we automatically find certain types of boundaries in speech?
	Slide 20: Segmental Audio Word2Vector
	Slide 21
	Slide 22
	Slide 23
	Slide 24
	Slide 25: Is Unsupervised Speech Recognition possible?
	Slide 26
	Slide 27: Speech BERT
	Slide 28: Masking
	Slide 29: Speech GPT
	Slide 30: Wav2vec / HuBERT
	Slide 31
	Slide 32
	Slide 33
	Slide 34: Are speech representation models universal?
	Slide 35
	Slide 36
	Slide 37
	Slide 38: Different Layers Encode Different Information 
	Slide 39
	Slide 40
	Slide 41
	Slide 42
	Slide 43: Wav2vec-U: Unsupervised ASR with Wev2vec
	Slide 44: REBORN
	Slide 45: Listening Comprehension (Speech QA)
	Slide 46: Listening Comprehension 
	Slide 47: Listening Comprehension (Speech QA)
	Slide 48: End-to-End Speech QA
	Slide 49: End-to-End Speech QA
	Slide 50
	Slide 51: Useful Toolkit! 
	Slide 52: 2. 初代語音語言模型
	Slide 53: Speech LLM
	Slide 54
	Slide 55
	Slide 56: Various Types of Speech Tokenizers
	Slide 57
	Slide 58
	Slide 59: Very challenging!
	Slide 60: In-context Learning
	Slide 61: Prompting Speech LLM for Different Tasks 
	Slide 62: Why is training speech LM so challenging?
	Slide 63: Why is training speech LM so challenging?
	Slide 64: Until …….
	Slide 65: Moshi
	Slide 66: 3. 如何利用強大的文字模型
	Slide 67
	Slide 68: Starting from Text LLM 
	Slide 69: Starting from Text LLM  
	Slide 70: Jointly learned from the speech and text
	Slide 71: Jointly learned from the speech and text
	Slide 72: Text-Speech Hybrid Generation 
	Slide 73: Text-Speech Hybrid Generation  
	Slide 74
	Slide 75: Text-Speech Hybrid Generation 
	Slide 76
	Slide 77
	Slide 78
	Slide 79: 4. 尋找更合適的語音表示方式
	Slide 80
	Slide 81: Can we have speech tokens designed for text-speech hybrid generation?
	Slide 82: Can we have speech tokens designed for text-speech hybrid generation?
	Slide 83: Can we have speech tokens designed for text-speech hybrid generation?
	Slide 84
	Slide 85
	Slide 86
	Slide 87
	Slide 88
	Slide 89
	Slide 90: Training Speech LLM
	Slide 91: Compared with Other Pretrained Models 
	Slide 92: Compared with Other Pretrained Models 
	Slide 93: English Demo
	Slide 94: Chinese Demo 
	Slide 95: Chinese Demo 
	Slide 96
	Slide 97: 5. 語音語言模型 的三部曲
	Slide 98: How to Train Speech LLM
	Slide 99: How to Train Speech LLM
	Slide 100: Alignment with Feedback
	Slide 101: Alignment with Feedback
	Slide 102: Alignment with Feedback
	Slide 103: Alignment with Feedback
	Slide 104: Alignment with Feedback
	Slide 105: 6. 一邊說一邊思考
	Slide 106
	Slide 107: Text LLM + Reasoning 
	Slide 108: Speech LLM + Reasoning 
	Slide 109: Simultaneous Thinking and Talking?
	Slide 110
	Slide 111: STITCH: Simultaneous Thinking and Talking with Chunked Reasoning 
	Slide 112: STITCH: Simultaneous Thinking and Talking with Chunked Reasoning 
	Slide 113
	Slide 114: How to prepare training data
	Slide 115
	Slide 116
	Slide 117: Dynamic Reasoning Chunk Sizes 
	Slide 118: Dynamic Reasoning Chunk Sizes 
	Slide 119
	Slide 120
	Slide 121
	Slide 122: Demo Video
	Slide 123: More ……
	Slide 124
	Slide 125: Beyond the Turn-based Game
	Slide 126
	Slide 127: Do speech LLMs know how long 10 seconds is?
	Slide 128

