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Background: SLM
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Background: SLM

Inspired from the huge success of text language models, spoken language models 
(SLM) aim at generating speech by modeling speech tokens.

SLM

Speech-Token 
Encoder

Speech-Token 
Decoder

...

Does it work?

...

The sound itself is natural, 
but what does it say?

Lack of semantic fidelity
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To improve semantic coherence, previous works have proposed leveraging text…

● Hybrid Text-Speech Generation (Mini-Omni; LLaMA-Omni; Moshi;...)

SLM (pure)

...

SLM (hybrid)

...How _are _you

Make it talk! 
(hybrid text-speech)
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● Mini-Omni (Zhifei Xie and Changqiao Wu)

1

How

2

_are

3

_you

4

𝜀

5

𝜀

6

𝜀

7

𝜀

8

𝜀

● LLaMA-Omni (Qingkai Fang, et al.)

● Moshi (Alexandre Défossez, et al.)

𝜀

How

1

𝜀

2

𝜀

𝜀

𝜀

3

_are

𝜀

𝜀

4

𝜀

5

𝜀

CTC loss
fixed ratio 

(1:3)

1

How

2

𝜀

3

𝜀

4

_are

5

𝜀

6

_you

7

𝜀

8

𝜀
modeling 

the duration
ref: Prof. Hung-yi Lee’s slides

1

How

2

_are

3

_you

4

𝜀

5

𝜀

6

𝜀

7

𝜀

8

𝜀

1

How

2

𝜀

3

𝜀

4

_are

5

𝜀

6

_you

7

𝜀

8

𝜀

𝜀



Background: Hybrid Text-Speech Generation

Previous works may mitigate the problem by adding paddings (           )
● Mini-Omni (Zhifei Xie and Changqiao Wu)

1

How

2

_are

3

_you

4

𝜀

5

𝜀

6

𝜀

7

𝜀

8

𝜀

● LLaMA-Omni (Qingkai Fang, et al.)

● Moshi (Alexandre Défossez, et al.)

𝜀

How

1

𝜀

2

𝜀

𝜀

𝜀

3

_are

𝜀

𝜀

4

𝜀

5

𝜀

CTC loss
fixed ratio 

(1:3)

1

How

2

𝜀

3

𝜀

4

_are

5

𝜀

6

_you

7

𝜀

8

𝜀
modeling 

the duration
ref: Prof. Hung-yi Lee’s slides

Complex and non-trivial

𝜀



Introduction: TASTE

Rethink that we are developing a hybrid SLM starting from a text LM

Text LM

How _are _you

Text LM

How _are _you



Introduction: TASTE

Rethink that we are developing a hybrid SLM starting from a text LM
⇒ Can we teach the text LM how to speak out each word by using the additional 
speech tokens attached?

Text LM

How _are _you1

Text LM

How _are _you1



Introduction: TASTE

Rethink that we are developing a hybrid SLM starting from a text LM
⇒ Can we teach the text LM how to speak out each word by using the additional 
speech tokens attached?

Text LM

How _are _you1 2

Text LM

How _are _you1 2



Introduction: TASTE

Rethink that we are developing a hybrid SLM starting from a text LM
⇒ Can we teach the text LM how to speak out each word by using the additional 
speech tokens attached?

Text LM

How _are _you1 2 3

Text LM

How _are _you1 2 3



Introduction: TASTE

Rethink that we are developing a hybrid SLM starting from a text LM
⇒ Can we teach the text LM how to speak out each word by using the additional 
speech tokens attached?

How _are _you1 2 3

SLM (hybrid)

How _are _you1 2 3

SLM (hybrid)



Introduction: TASTE

The hybrid generation and modeling is now trivial and simple. 

SLM (hybrid)SLM (hybrid)



Introduction: TASTE

The hybrid generation and modeling is now trivial and simple. 

SLM (hybrid)

How 1

SLM (hybrid)

How 1



Introduction: TASTE

The hybrid generation and modeling is now trivial and simple. 

SLM (hybrid)

How _are1 2

SLM (hybrid)

How _are1 2



Introduction: TASTE

The hybrid generation and modeling is now trivial and simple. 

SLM (hybrid)

How _are1 2 _you 3

SLM (hybrid)

How _are1 2 _you 3



Introduction: TASTE

The hybrid generation and modeling is now trivial and simple. 

SLM (hybrid)

How _are1 2 _you 3

SLM (hybrid)

How _are1 2 _you 3

Speech Decoder



Introduction: TASTE

We propose Text-Aligned Speech Tokenization and Embedding, a specialized speech tokenization 
tailored for the hybrid text-speech SLM. 

TASTE 
Encoder

1 2 3

How _are _you

same 
length TASTE hybrid SLM

How 1 _are 2 _you 3

Straightforward text-speech modeling 
and hybrid generation

TASTE 
Encoder

1 2 3

How _are _you

same 
length TASTE hybrid SLM

How 1 _are 2 _you 3

Straightforward text-speech modeling 
and hybrid generation



Introduction: TASTE

We propose Text-Aligned Speech Tokenization and Embedding, a specialized speech tokenization 
tailored for the hybrid text-speech SLM. 

TASTE 
Encoder

1 2 3

TASTE 
Encoder

1 2 3

How _are _you

same 
length TASTE hybrid SLM

How 1 _are 2 _you 3

Straightforward text-speech modeling 
and hybrid generation

same 
length TASTE hybrid SLM

How 1 _are 2 _you 3

Straightforward text-speech modeling 
and hybrid generation



Method: Reconstruction as Learning Objective

To make the TASTE token convey paralinguistic information for generative 
modeling, we adopt speech reconstruction as the learning objective. 

How _are _you How _are _youHow _are _you

Text-to-speech 
Decoder

How _are _you



Method: Reconstruction as Learning Objective

To make the TASTE token convey paralinguistic information for generative 
modeling, we adopt speech reconstruction as the learning objective. 

TASTE 
Encoder

How _are _you How _are _you

TASTE 
Encoder

How _are _you How _are _you

Text-to-speech 
Decoder



Method: Reconstruction as Learning Objective

To make the TASTE token convey paralinguistic information for generative 
modeling, we adopt speech reconstruction as the learning objective. 

TASTE 
Encoder

1 2 3

How _are _you How _are _you

TASTE 
Encoder

1 2 3

How _are _you How _are _you

Text-to-speech 
Decoder



Method: Reconstruction as Learning Objective

To make the TASTE token convey paralinguistic information for generative 
modeling, we adopt speech reconstruction as the learning objective. 

TASTE 
Encoder

1 2 3

How _are _you
1 2 3

How _are _you

TASTE 
Encoder

1 2 3

How _are _you
1 2 3

How _are _you

Text-to-speech 
Decoder



Method: Reconstruction as Learning Objective

To make the TASTE token convey paralinguistic information for generative 
modeling, we adopt speech reconstruction as the learning objective. 

TASTE 
Encoder

1 2 3

How _are _you
1 2 3

TASTE 
Decoder

How _are _you

TASTE 
Encoder

1 2 3

How _are _you
1 2 3

TASTE 
Decoder

How _are _you



Method: Reconstruction as Learning Objective

To make the TASTE token convey paralinguistic information for generative 
modeling, we adopt speech reconstruction as the learning objective. 

TASTE 
Encoder

1 2 3

How _are _you

TASTE 
Decoder

1 2 3
How _are _you

TASTE 
Encoder

1 2 3

How _are _you

TASTE 
Decoder

1 2 3
How _are _you



Method: Reconstruction as Learning Objective

To make the TASTE token convey paralinguistic information for generative 
modeling, we adopt speech reconstruction as the learning objective. 

TASTE 
Encoder

1 2 3

How _are _you

TASTE 
Decoder

1 2 3
How _are _you

TASTE should help 
reconstruct the 
speech better

1 2 3

How _are _you
1 2 3

How _are _you

TASTE should help 
reconstruct the 
speech better



Method: Reconstruction as Learning Objective

To make the TASTE token convey paralinguistic information for generative 
modeling, we adopt speech reconstruction as the learning objective. 

TASTE 
Encoder

1 2 3

How _are _you

TASTE 
Decoder

1 2 3
How _are _you

for TASTE hybrid 
SLM

1 2 3

How _are _you
1 2 3

How _are _you

for TASTE hybrid 
SLM



Method: Reconstruction as Learning Objective

To make the TASTE token convey paralinguistic information for generative 
modeling, we adopt speech reconstruction as the learning objective. 

TASTE 
Encoder

1 2 3

How _are _you

TASTE 
Decoder

1 2 3
How _are _you

1 2 3

How _are _you
1 2 3

How _are _you

How to extract the speech tokens 
that match the text’s length?



Method: Cross-Attention for Lengths Matching

How to match the length of the speech features towards the text tokens’ length?
→ by applying cross-attention!

Speech Encoder Aggregator



Method: Cross-Attention for Lengths Matching

How to match the length of the speech features towards the text tokens’ length?
→ by applying cross-attention!

Speech Encoder

…

Aggregator

…



Method: Cross-Attention for Lengths Matching

How to match the length of the speech features towards the text tokens’ length?
→ by applying cross-attention!

Speech Encoder

…

Aggregator

ASR

…

How _are _you



Method: Cross-Attention for Lengths Matching

How to match the length of the speech features towards the text tokens’ length?
→ by applying cross-attention!

Speech Encoder

…

Aggregator

ASR

…

How _are _you

value

key



Method: Cross-Attention for Lengths Matching

How to match the length of the speech features towards the text tokens’ length?
→ by applying cross-attention!

Speech Encoder

…

Aggregator

ASR

…

How _are _you

value

key

query



Method: Cross-Attention for Lengths Matching

How to match the length of the speech features towards the text tokens’ length?
→ by applying cross-attention!

Speech Encoder

…

Aggregator

ASR

…

How _are _you

value

key

query



Method: Cross-Attention for Lengths Matching

How to match the length of the speech features towards the text tokens’ length?
→ by applying cross-attention!

Speech Encoder

…

Aggregator

ASR

…

How _are _you

value

key

query

lengths 
matched



Method: Cross-Attention for Lengths Matching

How to match the length of the speech features towards the text tokens’ length?
→ by applying cross-attention!

Speech Encoder

…

Aggregator

ASR

…

value

key

How _are _you

query

1 2 3

quantization

lengths 
matched



Method: Cross-Attention for Lengths Matching

How to match the length of the speech features towards the text tokens’ length?
→ by applying cross-attention!

Speech Encoder

…

Aggregator

ASR

…

value

key

How _are _you

query

1 2 3

quantization

lengths 
matched

No explicit alignment 
is required
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What to evaluate? → speech continuation!

TASTE hybrid SLM

How 1 _are 2 _you 3

TASTE Encoder
speech 
prompt

I 1 _am 2 _fine 3 …

TASTE Decoder

speech 
continuation
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Result: TASTE Hybrid SLM

Some examples of speech continuation

The dark mystery of
SLM (pure)

...

GSLM
(Kushal Lakhotia, et al.)

speech prompt speech continuation

the dark mystery of a polyland where it was prisoned 
in barkland‘s bank and indeed we also …

TASTE 
hybrid SLM Ours The dark mystery of The dark mystery of the lost city of Atlantis has 

fascinated mankind for centuries. It is said that the 
city was located in the Atlantic Ocean, off the coast of 
modern-day Portugal, and was home to a civilization 
that flourished for thousands of years. (self-generated)



Result: TASTE Hybrid SLM

Some examples of speech continuation

speech prompt speech continuation

I've managed to save some
I've managed to save some money on my phone bill, but I'm still 
paying a lot for my internet. I'm not sure if I should get a new 
phone or just get a new internet plan.

I reserve your services for a long time. I am very happy with the 
result. I will definitely recommend you to my friends.

I reserve your services

This powder must not be used in the presence of water or other 
liquids. It is a very fine powder and should be used with a fine 
powder applicator.

This powder must not

I’ll take the armchair in the corner and just sit there. It’ll feel better. 
I’ll try to not sleep.

I’ll take the armchair
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Result: TASTE Hybrid SLM

How to evaluate speech continuation?

● Semantic Coherence (ASR → GPT-4o as judge)

speech 
prompt

speech 
continuation

ASR

How are you? I am fine, thank you. 

GPT-4o (LLM)

Because…I would rate 
the score as 4. 

Instruction: The task is evaluating the 
relevance and likelihood of the predicted text 
continuation, given the text prompt. You 
should also consider whether the meaning of 
the text continuation is making sense. The 
text prompt is:
"{prompt}"
, and the text continuation is :
"{content}"



Result: TASTE Hybrid SLM

How to evaluate speech continuation?

● Audio Quality (UTMOS)
UTMOS is a widely-used audio MOS prediction model

speech 
continuation

UTMOS

1~5



Result: TASTE Hybrid SLM

How to evaluate speech continuation?

● Overall Performance (Human Evaluators)

speech 
prompt

speech 
continuation

Score: 5 

Instruction: In this test, each sample will contain a 
short audio clip called "prompt" (3 seconds) and a 
longer audio
clip called "prompt+continuation" (∼15 seconds)....
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Result: TASTE Hybrid SLM

Semantic Coherence: 
our method outperform other 
SLMs, and is the only one that is 
on par with the cascade system. 



Result: TASTE Hybrid SLM

Audio Quality: 
very well 



Result: TASTE Hybrid SLM

Overall Performance: 
From human perspective, our 
method is the best, even 
surpasses the cascade system
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As speech tokenization

● TASTE successfully conveys paralinguistic information.

For spoken language modeling

● TASTE is extremely effective for hybrid SLM, yielding high quality speech 
continuation with strong semantic coherence. 



Main Result: Brief Summary

As speech tokenization

● TASTE successfully conveys paralinguistic information.

For spoken language modeling

● TASTE is extremely effective for hybrid SLM, yielding high quality speech 
continuation with strong semantic coherence. 

We have successfully built a joint 
tokenization that facilitates joint SLM!



Q & A



Thank you!
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