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Speech LLM
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Example L

ChatGPT Gemini
voice mode Live

e
X




Example

Moshi

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

* https://github.com/OpenMOSS/SpeechGP
T-2.0-preview https://www.sesame.com/research/crossi

ng_the_uncanny_valley_of_voice



We have talked about speech input; this lecture
will focus on speech generation.

DeSTA2 Learning Target
A
o v ;
Training output lesting output
[ Adaptei J; Text LLM ] Adapter Text LLM ]
'Y - 1 4
Speech Speech
uitdeJ u&m.tkf_J
W0 0 it | s | Text Instruction

Identify the emotion.
(The only mstruction —___{any mputi® possibie

P Pl € rosss/ris:

(AT 5E (2025)] F7558 | ERRNATE209RIIR(Post-Training) SIE T RE

https://youtu.be/Z6b5-77EfGk?si=st0d4lukGWAc__F2



“Text Token”
[ how I are ][ you ]—} IE)\(/It —b[ I 1 am Igood]

Speech Token”
Speech
LLM
m Detokenlzatlon
S R R

w«HW—M




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




AEAEERNEREBUETE?

(Speech Token)




What is a “token” in the context of speech?

e Text * Speech

Waveform

| want to learn generative Al M—»——M bt weik-

Token Sequence Token Sequence

https://platform.openai.com/tokenizer 27?7



A gpt-40-mini-tts &%

text text
Speech

LLM

Tokenization v
- Text LLM Detokemzatlon TTS

M—HMHM MHMH—M

IRE R EAFHEIE feo)k 535 (RAV 1
2] \)
REAE R EF IR fk BEL ...



At least 8,000 tokens per second At least 8,000 tokens per second

O ) —| P | —
1 LLM ‘

\
AT HM‘H*"“ token W*HW

0.75 G)
o 050
-g 1
s " T | ML
e
0.00 E ? ;
= ||| I [T | QLT LT
N —0.25f '
© 0
€ _os0f
-0.75
—-1.00
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Various Types of Speech Tokenizers

® A A OO O O ¢

P A 0000000 A O

2024.12

A Codec related benchmark

2024.07

2021.06

Scalar-Vector Quantization

Single-Vector Quantization

@® Multi-Vector Quantization

Source of image: https://www.linkedin.com/in/haibin-wu-479a39252/recent-activity/all/



Overview paper about Speech Tokenization

Towards audio language modeling - an overview

Haibin Wu', Xuvanjun Chen'*, Yi-Cheng Lin'*, Kai-wei Chang!, Ho-Lam Chung®,
Alexander H. Liu®, Hung-vi Lee!

https://arxiv.org/abs/2402.13236

Recent Advances in Discrete Speech Tokens: A
Review

Yiwei Guo, Zhihan Li, Hankun Wang, Bohan Li, Chongtian Shao, Hanglei Zhang, Chenpeng Du, Xie Chen,
Shujie Liu, Kai Yu

https://arxiv.org/abs/2502.06490



What is the best choice of tokens?

e Codec-SUPERB https://codecsuperb.github.io/ Quality, Various tasks

H
i | Tokenizer

* DASB https://poonehmousavi.github.io/DASB-website/

W'“‘“ w"l ' _’[ 3 ][ 77 ][ 23 ] -==% Various tasks

Learn more from Interspeech2024 Speech Processing Using Discrete Speech
Unit Cha||enge https://www.wavlab.org/activities/2024/Interspeech2024-Discrete-Speech-Unit-Challenge/




A possible pipeline of M_"’—w b4t v

speech tokenization

[ Speech SSL Model ]

https://arxiv.org/abs/2205.10643
o L C S *
N « & C C 3 Q‘ Vv
& & & 9 A5 A0 PN N\ el . e
\\ N Q) > A% Q s \/ "1, \6\ % Q/ Q
?&c@ ng S o o SO S o\\togz; ox e°“¢&“6\\\ N2 c<¢ 5 LAY %C Coge (g& ¢ o @ ,Nc «%
RN AR R R T A NSIC AR R ﬂ‘“ﬁ\s WY \“\
& ] (<] =] 4] <] (<] S ’ (<) -] <] 5] @ @ () @ (] (] . a @ . ] <)
€ . 4 4 . 4 . 4 s 4 s 4 >

2015 2016 2017 2018 2019 2020 2021 2022



A possible pipeline of M—W'H*%

speech tokenization

{ Speech SSL Model }

'
- JUudutuL

Masking -H» - -J M oo

Linear
‘ . '\" t

“‘ “fttftttt

BERT series L Mockingjay

mimic sound it hears

t t
How about speech? Some of the input
—————bhispestaniuasg/g/1910.12638 are masked

P Pl & 1833/1215

(32528 2022] FEEFBRLNMSEESENSE (Self-supervised
Learning) {85! https://www.youtube.com/watch?v=IMIN1iKYNmA



A possible pipeline of M—*—w L L3

speech tokenization

[ Speech SSL Model ]

Quantization: K-means or VQ-layer ‘
ENEBIEN ERIEA BRI RN ED
Deduplicate ‘

lllllllllllllllllllllllllllllllllllllll

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

BPE (Byte Pair Encoding) - (5] ‘

https://arxiv.org/abs/2310.14580
77
http://arxiv.org/abs/2205.01086 [ > ] [ ] [ > ]

https://ieeexplore.ieee.org/abstract/document/10096788




Tokenization

f

M—»—MH»M

[ Speech SSL Model @

lllllllllllllllllllllllllllllllllllllll

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




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 :""-"> - ' “' | | }"*"’*“‘



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

Various Types of Speech Tokenizers

Two Types of Tokens M—FMM Voo o e g

keni Tokenizer Neural
SSL Tokenizer Codec

!
Jouuuuugud JUuuguggt

“Sematic Token” “Acoustic Token”

e "Semantic" does not refer to its usual meaning in linguistics. Instead, "semantic
tokens" are closer to content information (usually containing phonetic information).

* The distinction between the two types can be vague. 'Semantic tokens' also
include acoustic information, and vice versa.



RVQ (Residual
vector Quantization)

VarIOUS Types Of SpeeCh TO kenlzers https://arxiv.org/abs/2

210.13438
Two Types of Tokens M—»——M Voo o e g
' Tokenizer Neural
SSL Tokenizer Codec

1 p— S |
O U U O O O] e 0000000

“Sematic Token”

RVQ

SpeechTokenizer
https://arxiv.org/abs/2308.16692

Mimi (used in Moshi)

“" : ”
https://arxiv.org/abs/2410.00037 Acoustic Token



Various Types of Speech Tokenizers

Two Types of Tokens M—»——Wm

' Tokenizer Neural

SSL Tokenizer 1Z Codec
] R | |
O 0O O OO O e 0000000
ot Toker e

2= AR — 1&g 2

Choosing is for rookies, | want it all!

(UINZFF EE - AR “Acoustic Token”



Choice of Decoding Strategies

1) (2) 38) (&) (5] (8] (7] @) (2) 3) (4) (5] (6] (7] 1) 2 3) 4 5 e) 7]

Coarse Token Fine-grain Token Finer Token
< >

Content Acoustic

Assumption: All tokens are of equal length for simplicity.

0000000000000 O00
r rrr ettt vttt

(" )

LLM

g J
https://arxiv.org/abs/2209.03143
https://arxiv.org/abs/2301.02111

e.g., AudioLM, VALLE



Choice of Decoding Str

ategies

1) @) 8) (4] (5] (¢] (7] ) @ 3] 5] (e 7

Coarse Token Fine-grain Token

In VALLE, LLM 2 is a non-autoregressive language model.

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

FRFIREIRUINCIN R

J O 4d

J

J

L 1 1

I

I

(" ) ("

G J G

LLM 2

N

J

e.g., AudioLM, VALLE

https://arxiv.org/abs/2209.03143
https://arxiv.org/abs/2301.02111

Finer Token



Choice of Decoding Strategies

1) (2) 38) (&) (5] (8] (7] @) (2) 3) (4) (5] (6] (7] 1) 2 3) 4 5 e) 7]

Coarse Token Fine-grain Token Finer Token
M—w—w Vb e
This strategy is challenging for streaming. [ Detokenizer ]
A




Choice of Decoding Strategies

W &) B« e @ 1@ B WEE @ W @) 3) &) () (¢ (@
Coarse Token Fine-grain Token Finer Token
Pp— 1 e b |
1 ! When generating different types of tokens
Streamable [ Di“' ][ Di"' sequentially, the sequence can become very lengthy.

Do o' @e e e @@ @

5 S N N N N N N N

LLM
- J

https://arxiv.org/abs/2402.05755



\_

LLM

sequence length

= token per second x types of tokens x dialogue length

Take Moshi as example
12.5Hz

= 30k

5 mins (300 seconds)



@ Meta (0 other @@ Google @ OpenAl @@ MosaicML @@ Anthropic @ Microsoft Mistral Al

Context size [tokens]
Gemini 1.5
Pro
™ P
512K
56K GPT-4
MPT-7E- Turbao Claude 3 Phi-3
128K Claude 1.3 StoryWriter- o Haiku/Sonnet/Opus
Gak+
64K )
30|( LongChat Mistral 7B
32K —
16K
ek e OpenAl GPT-4 ®
4K 5 Announcement date: 2023-03-14 .
See the announcement
2K (] ) ¢
Context size: 8k tokens
1k
501
Announcement date
2023-01 2023-04 2023-07 2023-10 2024-01 2024-04

Source of image: https://towardsdatascience.com/towards-infinite-llm-context-windows-e099225abaaf



Choice of Decoding Strategies

1) (2) 38) (&) (5] (8] (7] @) (2) 3) (4) (5] (6] (7] 1) 2 3) 4 5 e) 7]

Coarse Token Fine-grain Token Finer Token

Generate multiple types of tokens in one step

(2 0 I 5 o ) R 2 I (P B <% (3 B 1 B 3 3 B ) I D I 1 I )

LLM
- J

https://arxiv.org/abs/2402.05755



Choice of Decoding Strategies

1) (2) 38) (&) (5] (8] (7] @) (2) 3) (4) (5] (6] (7] 1) 2 3) 4 5 e) 7]

Coarse Token Fine-grain Token Finer Token

https://arxiv.org/abs/2306.05284

Acoustic DEIay https://arxiv.org/abs/2410.00037

V0000800 BdeE @6 EE
f\V AR N '\I/\

LLM




Choice of Decoding Strategies

1) (2) 38) (&) (5] (8] (7] @) (2) 3) (4) (5] (6] (7] 1) 2 3) 4 5 e) 7]

Coarse Token Fine-grain Token Finer Token

(' [ 1 T 8 ) I 1) 1) B 3 B 3 I ' B 3 I 7 B ) I Y B Y R )
L+ ¢+ t ¢t ¢t 1 t ¢t t t t 1 t 1

h
(v v JC M J M ) pardformer
4 ™
LM Temporal Transformer
. Y,

https://arxiv.org/abs/2109.03264
https://arxiv.org/abs/2410.00037



Why discrete tokens?

Waveform Waveform

L L e e LAl

\ Tokenizer \

— =1 pguuubl

Token Sequence

How about Continuous Representation?



Why discrete tokens?

The discrete tokens are crucial for generation.

A
Speech
L R Y
* LM
v
For understanding, there is no remarkable Given the same input, there can
difference between continuous representations be many possible outputs.

and discrete tokens.



Why discrete tokens?

* Let's say we train a speech LM to generate continuous
representations.

U — -

Either is
correct.



Why discrete tokens?

We learn a
[ I - ?
How do discrete tokens solve the issue: orobability
distribution
0
60% v
40% o0 HH
) )] —s] SPeech >,
" W A LM =

Sampling from the distribution during inference.



Why discrete tokens?

* Let's say we train a speech LM to generate continuous
representations.

Average oV

Speech » : .
' special design
4 H H H H }« LM "*. P &

Incorrect a * "

Solutions from image generation.

https://arxiv.org/abs/2406.11838 Either is
https://arxiv.org/abs/2312.02116 correct.
https://arxiv.org/abs/2403.05196



MELLE

https://arxiv.org/pdf/2407.08551

Personalized
Speech .IIII I.IIIII.

Mel-Spectrogram Vocoder
MELLE

Post-Net
I

TS S S S S
Latent Sampling Module . .
S S SR S S

Autoregressive Mel-Spectrogram Language Modeling

4 4 4 4 4 4
4 4+ 4 4 | 4 t
Mel-Spectrogram
Text Tokenizer Extraction
Text E Speech
Prompt Y prompt

S ———— —

]

|

|

|

I N ,
D <>

t t £~ N(0,I) |

e oy I
tt ;
Linear Layer :

- T ~7

e, the output of LM
T at Hmestep ¢



Good performance in Text-to-Speech (TTS)

Breezy Voice
GitHub: https://github.com/mtkresearch/BreezyVoice
Paper: https://arxiv.org/abs/2501.17790

hello~ how are you? N =R ¥

The source of the real audio is from the BIIC Podcast.


https://github.com/mtkresearch/BreezyVoice
https://arxiv.org/abs/2501.17790?fbclid=IwZXh0bgNhZW0CMTAAAR0s1op9VJUa1u9ZL5o01uy-SVahs6x2GoG8CG6TgKeaw9-HC_5o3gpNKmY_aem_6w0RGqSAMzyMZwwR4G7IRQ

Pre-trained Speech LLM ......

A large amount of
»* &) unlabeled speech data

- w \ » |'|| Pre-trained .
speech LLM MH*% .

He assassinated the president

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
GPT4 idea or sequence of connected ideas. ... )




PN ZFRBEAZE SR
1 Foundation Model



Why is training solely on unlabeled speech
data inefficient?

» Pre-trained
———————————
E Speech LLM

1M hours of speech data

100 tokens l
per minute

LLaMA 3 pre-trained
E on 15T text tokens ...
| 6B of text tokens 285k years of speech data

Text is a compressed version of speech.



BLIMP

Why is training solely on unlabeled speech

data inefficient?

0.80 s LM /. s "
s SLM .
o 0.90
J.n"
» w
0.70 r rd
Y o
[ U 0.80
&
BLIMP,, 4 =0.04 - C%9%6 RZ =0.97 i
Fi (=
0.60 =
0.70
BLIMPs y=0.23-C%% R2=0.99
104 1048 10 104¢ 10t
C (FLOPS)

1|'_'||.'

https://arxiv.org/abs/2404.00685

0.80
" LM + n |® " . LM /
‘..I i
] i'-!ll. H l"ll" » 5Lr‘1 TeXt LLM Fa"i
[ ’i o] 0.70 .-'f’
"..-"' E ECIIGEE'”M =0.07: En'udﬁ,ﬁi;": 0.98
tCloze, = 0.15 - C°039, R2 = (.96 \
E‘ 0.60 ;"!"
. 7 Speech
. LLM
tClozegy = 0.24 -C%0925 RZ =099 0.50 SClozes y=0.26-C%%Y7, R2=0.97
104 10 10¢ 104 104 104 10%  10¥* 10 104 104
C (FLOPS) C (FLOPS)

The linguistic performance of speech LLMs scales up three orders of magnitude more

slowly than that of text LLMs.

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.



Leveraging Text: Starting from Text LLM

* |nitializing spoken QA models with text models

Second-to-Index
Conversion L{#)
[fa..l F|:] - [-yJi :IJI"I:I _-_; [Si',rl y.-:' oy
t 4
o v v
Pre-trained
Language Model
(PLM)
4
[ Embedding Assignment l
A
1 Index-to-Second
Discrate Units Conversion
(g, Bp) (Inference)
17 35326 ... , 5298 33 ....
A
T 5
Speech Content Encoder
{SCE)
e F 3 - -
i (fo, £

ok
Speech Wawveform
(q9: P)

— Forward

r Y
—=  Gradient

e

GSQA

https://arxiv.org/abs/2312.09781
Discrete Unit Quantization Training
-El,nlx'if‘:-;r ion: 7. What does [ LongT5 ] —;
high levels of .
i REV‘I..‘!L'. ality do to l { TQA LongT5 ]
PRANEI A, Paak ' | Text QA Dataset
. .| | Extractive QA ?
) ‘| @ SQUAD v2 Spoken QA Dataset
e MultiRC Extractive QA
s e NewsQA e NMSQA
lSyn T h ‘| « DROP I
L[ Quantization | - | Generative QA T
¥ s . ractive o ol
Question: 19, 74, 71, ¢ Narralive QA @ SpokenQA 'll 'IM
> 18, 33, 51, 16 ' N
0, 24 8, 44 .. Generative
assage 382, 45 _TQALongT5 | GSQA | e
914,119 g | SpokenQA IC:,J

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




Leveraging Text: Starting from Text LLM

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

37 )] —> —>[71][34][ 3 )2

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




Leveraging Text:
Speech-Text Hybrid Generation

Text - Spoken
LM LLM

Initialization

how ][ are ][ you ]

L EB K2 EXD EE1 B8 E1 EN

This is similar to an inner monologue, allowing the model to consider
what it wants to say in text before actually expressing it in speech.



Leveraging Text:
Speech-Text Hybrid Generation

Text then speech: / \, Thisisalmost TTS
[ how Il are | wou | [3]77)23) 12723 3| 23]

Spectron Drawback: cannot streaming
https://arxiv.org/abs/2305.15255

Text then speech (token-level):

[ bow  J(3 7)) e J{a2)(7a )34 )( you )3 (23]

We need alignment between text and speech during training.




Leveraging Text:
Speech-Text Hybrid Generation

Text and speech at the same time

[how][B] [are][77] [you][23] .......

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 (o) (2] (o) (20 (2] aomawrs o

CTC loss

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

(how | [ & | [ e | [ e | [ae] [ ¢ ] [ 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.



CEZERNFHEE

Tokenization



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 text-aligned speech
representations?

how ][ are ][ you ] [j D D‘

4
Speech - ,
< = Complex alignment? Tokenizer
v

ED EAED T N EA ER D) ]
- A M—MH&W

: - : . h
No need to include content information; [ o ][
focus on information beyond the content.

lagwunu awes



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) how |

key

value



query how are  you

key

TASTE (Text-Aligned Speech value
Tokenization and Embedding)




T

How to pronounce a text token how -

N
*

... ““v
Saggunt

query how are  you key
5 A — === ===
.4(':,0 ‘IIIIIIIII:IIIIIIII.. Value
.§< ] 3 e L e
C 1 .
R : :
o ] ASR : _
= . . Pre-trained Speech Encoder
’..IIIIIIIIAIIIIIIIII’. eg WhlsperEncoder




mm

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

Tokenlzer Tokenlzer

W%WM b-4bte- M—M-mm

... 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 |

llama-3.2-1B as the
initialization text LLM g Speech LLM

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

—»[101] [ 56 | [ 33 | [ 162 |

Emilia as our training datasets (English subset is about 40,000 hours)




Speech Continuation Demonstration

Il take the armchair Pre-trained in the corner and just sit there. It’ll
speech LLM feel better. I'll try to not sleep.

for a long time. | am very happy
with the result. | will definitely
SpEECh LLM recommend you to my friends.

Pre-trained

| reserve your services

It’s hot and loud and Pre-trained
so many people speech LLM
(Raj in BTTB)

| don’t know what to do ......

Pre-trained | am notthe one who iswrong. | am
look at my eyes . :

speech LLM not the one who is wrong. (noise) I am
not the one who iswrong. | am not the
one who is wrong.




-I 1||

RUBY- CHAN

Source of video: https://www.youtube.com/watch?v=Dc7gc7BECkO




FRLLE~ b | Pre-trained
speech LLM

S HEAE ~ 1 | Pre-trained
speech LLM

UG ~ B | Pre-trained

speech LLM




K& LIRS EMER
VAT - AR EEEIRIE ?



How to Train Speech LLM
Unlabeled . Pre-trained

speech data E Next “Speech Speech LLM
Token” Prediction

pm

Human et Speech
—
annotated data AN\ LLM

< SFT

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




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 o=
bl ny

Some related work improves

audio quality Some related work improves
https://arxiv.org/abs/2404.05600 audio understanding
https://arxiv.org/abs/2406.00654

https://arxiv.org/abs/2407.02243 https://arxiv.org/abs/2503.11197
https://arxiv.org/abs/2404.09956 https://arxiv.org/abs/2504.15900

https://arxiv.org/abs/2402.00744 https://arxiv.org/abs/2505.09439



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

~

\'.



Beyond the Turn-based Game

Text Conversation

User 1: — text | | text |
Turn-based
User 2: | text | text |

Speech Conversation
Speaker 1: —MHWN

Speaker 2:

Full-duplex

: overlap

How can we enable spoken LLMs to interact with interlocutors in a full-
duplex way?



Dialogue GSLM
Beyond the Turn-based Game  hupsi/anivore/abs/2203.16502

https://arxiv.org/abs/2407.01911

Unit 1 Pred. Unt 2 Pred,
(o] (g (o) () () o) (i) ) (850 () ol () (5 SPEPAVEN S B
e ] OHEHOOGE UI.III —_ S
fokens — | User stream ‘ 1 6 ) _ # )
| (a4 ¥ i ' {listens) S— -
0 | |Ala| |Aba| |Abal [ALa] [Afa] |G ool :
Semantic ; — - . - - ; »
tokens = A&,l A-d..l 4‘15,1 4‘15,1 5
e
Acoustic _| [ ) r
tokens
. . |A-Lz As.‘g .n‘lp,"z .n‘l'rg .n‘lg‘g ..‘lgg Am‘il An‘q . - Moshi stream
(speaks)
S;T;n:c_ . Ay |A5=1 Aga| (Aza| |dsa| [Asa| Hing An,ll Alml ;
s B () () (] (2] (=] (o] (o) o) (o) (-
tokens =
)]
Hello host

Moshi

( ] Encod. ) {
https://arxiv.org/abs/2410.00037 ﬁ"}i‘: = x__r_""“ st bk |

Irput Unts | Inpt Ot 2



Evaluation

Chih-Kai Yang
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