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Prompting gained more and more attention
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[ Prompting Paradigm ] [Positive]

?

“prompt” a language model to Language
perform various downstream tasks Model

Sentiment classification ?

[ Classify the sentiment of this sentence ] { The food is delicious!
) <

N J

Y Y

Instruction target data point
Prompt Engineering a—

e Natural language (Discrete prompts) - Manually designed, interpretable.
e Continuous vectors (Soft prompts) - Trainable, more capable, difficult to interpret.

Pre-train, Prompt, and Predict: A Systematic Survey of Prompting Methods in Natural Language
Processing (ACM Computing Surveys 2023, https://arxiv.org/abs/2107.13586)




[ Prompting Paradigm ]

“prompt” a speech language model to
perform various downstream tasks

.

Speech LM

32



[ Prompting Paradigm ]

“prompt” a speech language model to
perform various downstream tasks

Speech LM

33



[ Prompting Paradigm ]

“prompt” a speech language model to
perform various downstream tasks

.

Speech LM

34



[ Prompting Paradigm ]

“prompt” a speech language model to
perform various downstream tasks

“How are you?”

*

.

Speech LM

35



[ Prompting Paradigm ]

“How are you?”

“prompt” a speech language model to *
perform various downstream tasks -

Speech LM ]

. [ Fixed ]

36



[ Prompting Paradigm ]

[En]
“prompt” a speech language model to *
perform various downstream tasks -
Speech LM ]
\. [ Fixed]

*

PLID

Language Identification

37



[ Prompting Paradigm ]

output
“prompt” a speech language model to *
perform various downstream tasks -
e Unified framework Speech LM ]
\. [ Fixed]

Ptask man PLID

prompt prompt

38



[ Prompting Paradigm ]

“prompt” a speech language model to
perform various downstream tasks

e Unified framework
® Easy to scale up the number of
downstream tasks

Contain few Ptask PLID
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e Task: Next-token prediction e Task: Reconstruction
e Example: GSLM e Example: Unit mBART

Generative Spoken Language Modeling from Raw Audio Enhanced Direct Speech-to-Speech Translation Using Self-supervised
(https://arxiv.org/abs/2102.01192) Pre-training and Data Augmentation (https://arxiv.org/abs/2204.02967)
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3 kinds of speech processing tasks that take speech as input

1. Speech Classification
-> Speech to class N‘M#M—»[ Model J—> [Class]

=> e.g. Langauge ldentification

2. Sequence Generation
-> Speech to label sequence WM“A{ Model ]—> “c”, “a”, “t", ...

-> e.g. ASR

3. Speech Generation
- Speech to speech W;{ Model }—*W

-> e.g. Speech translation

f
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Prompting Speech LM

Prompting: Find the prompts and put them at the
input without modifying the LM’s architecture
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Prompting Speech LM

The prompts are prepended at the input of each transformer layer.
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Prompting Speech LM

The prompts are prepended at the input of each transformer layer.

Attention Module
! N - ]
| { | \E Speech LM
xWQ][WiK][VKVA [ Fixed]

1 A A A A A4

71 11 8 59 13

Ur —

— ] prompt

pKT (trainable)  |nput Prompts

P The following exps. show the performance of

Deep Prompts guiding the  input prompts + deep prompts

. . SpeechPrompt: An Exploration of Prompt Tuning on Generative Spoken Language Model
attention meChmsm for Speech Processing Tasks (Interspeech 2022, https://arxiv.org/abs/2203.16773)
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Speech Classification - Prompt GSLM

[0 HuUBERT + Expert B Prompt GSLM [ SOTA
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Spoken Command Recognition (SCR) Classify an utterance into a
(English, Arabic, Lithuanian, Mandarin, German)  predefined keyword set.



Speech Classification - Prompt GSLM

[0 HuUBERT + Expert B Prompt GSLM [ SOTA
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Intent Classification (IC)
Multi-label classification: e.g. [ACTIVATE], [LIGHTS], [BEDROOM]
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Sarcasm Detection (SD), Accent Classification(AcC)
Language Identification (LID), Voice Activity Detection (VAD)



Speech Classification - Prompt GSLM

Accuracy (%)
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HUBERT + Expert: Pre-train, Fine-tune paradigm (0.2M trainable parameters)
Prompt GSLM: Prompting paradigm (0.15M trainable parameters)
SOTA: Best model from the literature (dedicated trained model)



Speech Classification - Prompt GSLM

[0 HuUBERT + Expert B Prompt GSLM [ SOTA
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Accuracy (%)

Within relative
5% accuracy
difference

® Comparing Prompt GSLM and SOTA: For some tasks, prompting can
achieve comparible performance to SOTA.
e Note that prompting adopts a unified framework.
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W9 HUBERT + Expert WS Prompt GSLM & SOTA
L0 oo - e

Accuracy (%)

Within relative
5% accuracy
difference

e Comparing Prompt GSLM and HuBERT + Expert: Prompting is
competitive to pre-train, fine-tune paradigm in 8 out of 10 tasks.



Speech Classification - Prompt Unit mBART

0 mHuBERT + Expert I Prompt Unit mBART [ SOTA
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Accuracy (%)

Within relative
5% accuracy
difference

® Comparing Prompt Unit mBART and SOTA: Prompting can achieve
competitive performance to SOTA in 8 out of 10 tasks.



Speech Classification - Prompt Unit mBART

0 mHuBERT + Expert I Prompt Unit mBART [ SOTA
100 S = s B I

Accuracy (%)

Within relative
5% accuracy
difference

e Comparing Prompt Unit mBART and mHuUBERT + Expert:
Prompting is competitive to pre-train, fine-tune paradigm



Speech Classification - Prompt Unit mBART

0 mHuUBERT + Expert W Prompt Unit mBART

100 A

80 A

Accuracy
(<]
o

8

S Prompting
& outperforms
fine-tuning
e 10-shot Learning. Each class contains only 10 training data.

e Comparing Prompt Unit mBART and mHuUBERT + Expert:
Prompting outperforms in 8 out of 10 tasks.



Sequence Generation Tasks

ASR - LibriSpeech

34.17

* ® ASR: transcribe an utterance into
characters

254

HUBERT + Expert Prompt GSLM

Slot Filling - AudioSnips

25 o6 87.20

mMHUBERT + Expert Prompt Unit mBART

80 1

e Slot Filling: conduct ASR and identify
the slot types at the same time.

o
o

F1 Score =P

What's the weather like in
<L>NewYork<L/> <T>tomorrow</T>?

HUBERT + Expert Prompt GSLM mMHUBERT + Expert Prompt Unit mBART



Sequence Generation Tasks

ASR - LibriSpeech

o
o

N
o

35
*3{)_

254

.

o
& HUBERT + Expert

34.17 )

Prompt GSLM  J

Slot Filling -

r

~N

Scenario Traniable Params.
HuUuBERT + Expert 2.9M
Prompt GSLM 4.5M

MHUBERT + Expert Prompt Unit mBART ® GSLM Underperforms Compa red to
AudioSnips the pre-train, fine-tune paradigm.

8526 87.20

F1 Score =P

8

78.53

o
\_ HUBERT + Expert

Prompt GSLM

mMHUBERT + Expert Prompt Unit mBART




Sequence Generation Tasks

ASR - LibriSpeech

- 34.17 ( N
L{,_ Scenario Traniable Params.
- HUBERT + Expert 2.9M
= Prompt Unit mBART 2.6M

® Prompting Unit mBART outperforms
the pre-train, fine-tune paradigm.

HUBERT + Expert Prompt GSLM @HUBERT + Expert Prompt Unit mBARU_

Slot Filling - AudioSnips
( a5 26 87.20 \

78.53

o
o

F1 Score =P

8

N
o

HUBERT + Expert Prompt GSLM \MHUBERT + Expert Prompt Unit mBARTJ_




Sequence Generation Tasks

HuUBERT + Expert

ASR - Lib

34.17 ( )

Prompt GSLM

Slot Filling

riSpeech

F1 Score =P

HUBERT + Expert

@HUBERT + Expert Prompt Unit mBARU_

- AudioSnips
( at 74 87.20 \

Prompt GSLM

\MHUBERT + Expert Prompt Unit mBARTJ_

Scenario Traniable Params.
HuBERT + Expert 2.9M
Prompt Unit mBART 2.6M

® Prompting Unit mBART outperforms
the pre-train, fine-tune paradigm.

® For prompting, model architecture
and pre-training task matter.

® Encoder-decoder model is better
than decoder-only model?



Decoder-only vs. Encoder-Decoder Speech LM

59 25 34 . 71 11 8 =«-
cross-attention
A A4 A A

GSLM
(Decoder)

E_[ WaVZSeq]
T . (Decoder)

o - —

NN - ~\
71 11 8 59 25 34 HuBERT
B S (Encoder)

HuBERT

Next-token prediction Pseudo speech recognition

Prompting and adapter tuning for self-supervised encoder-decoder speech
model, ASRU2023 (https://arxiv.org/abs/2310.02971)



Decoder-only vs. Encoder-Decoder Speech LM

Model Architecture Params Data Task
HUBERT Unit + LibriLight Next-token
S 12-layer Transformer Tl 60k hours prediction
HuBERT + _ LibriSpeech Pseudo speech
Wav2Seq 6-layer Transformer 15“0M 960 hours recognition

GSLM has more
training data

Similar model size



Decoder-only vs. Encoder-Decoder Speech LM

B GSLM-Prompt Wav2Seq-Prompt Wav2Seq-FT

Tw 95.16 9840 98.20 98.40 98.79 99.50
S 8

S

>\ 6l

9]

©

—_

3

O

<

0- T
Spoken Command Intent
Recognition Classification
\ J
Y

Speech Classification

Comparable performance

Prompting and adapter tuning for self-supervised encoder-decoder speech
model, ASRU2023 (https://arxiv.org/abs/2310.02971)



Decoder-only vs. Encoder-Decoder Speech LM

P 95.16-98'40 98.20 .98.40 98.79 99.50- % 34_17- - - . _ 93.21 _
T * T 84.97
g g0 66.90
>\ 6l 8 60
Lé‘ 5 20 8
§ . =, 14.13 ﬁ W
= = 9.28 10.20 =
5.57
cVSpoken Command Intent . N
Recognition Classification ASR (100hr) ASR (10hr) Slot Filling
(N J (N J
Y Y
Speech Classification Sequence Generation
Comparable performance Prompt Wav2Seqg is much better than prompt GSLM

Prompting and adapter tuning for self-supervised encoder-decoder speech
model, ASRU2023 (https://arxiv.org/abs/2310.02971)



Speech Generation

Es-En Speech-to-Speech Translation
e BLEU MOS S
4.33 4.32

251

N
o
!
T
-

18.47
15.89

BLEU Score
MOS Score

[
o
!

Fine-tuning Unit mBART Prompt Unit mBART
(353M Trainable params.) (10M Trainable params.)

e Left: fine-tuning the whole Unit mBART (353M params.)
® Right: Prompting Unit mBART (10M params)



Speech Generation

Es-En Speech-to-Speech Translation

251

N
o
!

[
w

BLEU Score

[
o
!

I BLEU
4.33

18.47

MOS
4.32

15.89

Fine-tuning Unit mBART
(353M Trainable params.)

Prompt Unit mBART
(10M Trainable params.)

® BLEU score: Translation quality
e MOS score: Speech quality

MOS Score

T
N



Speech Generation

Es-En Speech-to-Speech Translation
mss BLEU MOS S
4.33 4.32

251

N
o
!
T
-

18.47
15.89

BLEU Score
MOS Score

[
o
!

Fine-tuning Unit mBART Prompt Unit mBART
(353M Trainable params.) (10M Trainable params.)

® Prompting Unit mBART has performance drop but uses
much fewer trainable params.
® Both have similar MOS score.



Speech Generation

Es-En Speech-to-Speech Translation

251

N
o
!

[
w

BLEU Score

[
o
!

I BLEU
4.33

18.47

MOS
4.32

15.89

Fine-tuning Unit mBART
(353M Trainable params.)

Prompt Unit mBART
(10M Trainable params.)

e Fine-tuning HUBERT/mHuUBERT fails

® GSLM also fails

MOS Score

T
N



Speech Generation

Es-En Speech-to-Speech Translation
EEE BLEU MOS .
4.33 4.32

25 A

N
(=]
L
T
£y

18.47
15.89

T
w

MOS Score

BLEU Score

=
o
!

Fine-tuning Unit mBART Prompt Unit mBART
(353M Trainable params.) (10M Trainable params.)

® speech-to-speech translation is challenging, often require auxiliary tasks

Direct speech-to-speech translation with a
sequence-to-sequence model (https://arxiv.org/abs/1904.06037)



https://arxiv.org/abs/1904.06037

Speech Generation

Es-En Speech-to-Speech Translation
e BLEU MOS S
4.33 4.32

251

N
o
!
T
-

18.47
15.89

T
w

MOS Score

BLEU Score

[
o
!
T
N

Fine-tuning Unit mBART Prompt Unit mBART
(353M Trainable params.) (10M Trainable params.)

Demo for speech translation, speech continuation, and speech
inpainting: https://kwchang.org/SpeechPrompt/speechgen.html



https://kwchang.org/SpeechPrompt/speechgen.html

Fully Utilize the information in Discrete Units

“Character | _UnitiD

e Until now, we use random mapping to a 31
bridge the units and the labels. b 7
o Speech classification tasks c 2

o Sequence generation tasks

Mapping table
(Verbalizer)



Fully Utilize the information in Discrete Units

| Character | _Unit D __

e Until now, we use random mapping to a 31
bridge the units and the labels. b 7
o Speech classification tasks c 2

o Sequence generation tasks

Mapping table

Contains rich information (Verbalizer)




Fully Utilize the information in Discrete Units

2 31 3 [EOS]

Sample
L At each timestep, the LM

prob. over the vocabulary ]_Hjlﬂj]ﬂj]ﬂj generates the probability

distribution over the vocabulary
[ Speech LM ]

W

59

—— A
prompt

(trainable)




Fully Utilize the information in Discrete Units

t [EOS]
-

ble Verbalizer

C d
A

Lightweight linear layer | L

()

arn

Q

bAoA A
Prob. ’—Hj ’—HTFHT
[ Speech LM ]
A A A A A A
prompt ;

(trainable)



Fully Utilize the information in Discrete Units

t [EOS]
-

_ Learnable Verbalizer
ble Verbalizer \

C d
A

Lightweight linear layer | L

()

arn

Q

A A 4 A Labels abcde
Prob. ’_H_‘ ’_H_"—H_‘
Linear
[ Speech LM ] layer
A A A A A4S i
71 11 8 59 13 I’ObS
— A learn the connection P '
prompt between the units 12345
(trainable) and the labels k /




Learnable Verbalizer - A Case Study

For prompting Unit mBART in ASR

Label ‘B’ ‘H’ ‘V’

Unit 290 470 577

The unit that has the largest weight in the linear
layer for one specific label.

/ Learnable Verbalizer \

Labels

Linear
layer

Unit
probs.

\_

abcde

123145




Learnable Verbalizer - A Case Study

For prompting Unit mBART in ASR

Label ‘B’ ‘H’ ‘V’

Unit 290 470 577

The unit that has the largest weight in the linear
layer for one specific label.

What is the meaning of these discrete units?

/ Learnable Verbalizer \

Labels

Linear
layer

Unit
probs.

\_

abcde

123145




Learnable Verbalizer - A Case Study

For prompting Unit mBART in ASR

Label ‘B’ iH? ‘\/’ Learnable Verbalizer \
Unit 290 470 577 Labels a b c de
Linear
layer
Units: 290 e 470
Unit
probs.

12345

Phones: B ... HH \\\‘ ‘///

Forced alienment on LibriSpeech




Learnable Verbalizer - A Case Study

For prompting Unit mBART in ASR

Label ‘B’ ‘H’ ‘V’
Unit 290 470 577
Phoneme B,V HH, T V, B

e Top 2 phonemes correlated to the units
® The learnable verbalizer can automatically
find the units for the labels

/ Learnable Verbalizer \

Labels

Linear
layer

Unit
probs.

\_

abcde

123145




Learnable Verbalizer - A Case Study

For prompting Unit mBART in Phoneme Recognition (PR)

Label ‘o ‘K’ TH’ Learnable Verbalizer \
Unit 958 487 918 Labels a b cde
Phoneme F,V K, G TH, DH Linear
layer
e Top 2 phonemes correlated to the units
® The learnable verbalizer can automatically Unit
find the units for the labels probs.

123145

\_ /




Learnable Verbalizer - A Case Study

For prompting Unit mBART in Phoneme Recognition (PR)

Label

‘F! ‘K, ‘TH!

/ Learnable Verbalizer \

U

Pho

There are some units more suitable

serving as labels

SpeechPrompt v2: Prompt Tuning for Speech Classification Tasks

(https://arxiv.org/abs/2303.00733)

Hi

Unit 98 ++ = el Unit 98 sspme ceemffffe Unit 98 spemsecaffe
Unit 19 - - Unit38 =i Unit4s ==
Unit 59 R Unit 31 e Unit 53 = ]
Unit 21 = Unit46 <4 Unit 3 -4 3
Unit 71 - Unitge @@ Unit 81 4 2

Unit 7 ' Unit 45 R 3 Unit4s =@ %
Unit 20 Ea od unit2s = Unita - 3
Unit 97 e 3 Unitag <@ Unit 36 4
Unit 81 e Unit 51 * Unit 26 4
Unit 74 - units7 @ units7 <

S e Low
) 2 0 5 0
SHAP value (impact on model output)
(a) Class “YES”

Unit8s  seeulifife Unit 43 cmetennfiiite Unit 90 s

Unit 98  + watiiem. Unit 64 ol Unit 43 R o

Unit 9 - Unit 10 - Unit 35 -~

Unit 88 e o Unit 38 = Unitog + +s» E
Unit 77  + et Unit 92 g Unit 30 % S
Unit 94 - Unit 11 - Unit 24 - g
Unit 87 - Unit 59 E 3 Unit 91 B 3
Unit 82 el Unit 83 -l Unit 16 B3

Unit 90 = Unit 24 - Unit 57 <+

Unit 64 ol Unitsg =iy Unit 15 = 3

R R — Low
0 1 00 25 00 25
SHAP value (impact on model output)
(b) Class “LEFT”




Learnable Verbalizer - A Case Study

35 4

10 A

WER

ASR - LibriSpeech

34.17

~2% WER drop

N

HUBERT + Expert Prompt GSLM MHUBERT + Expert Prompt Unit mBART +Learnable Verbalizer

® Performance improvement with learnable verbalizer.
e With additional parameters less than 0.03M (~1% of the prompt
parameters)



[ Prompting Paradigm ]

1. Can prompting technology be applied to Seguence Gen.
speech processing? T

Speech Cls. Speech Gen.

+ +

71 11 8 59 25
[ S S W

[ Speech LM }
£ Fixed]

+ L

prompt prompt prompt 118




Prompting Paradigm ]

Can prompting technology be applied to Seguence Gen.
speech processing?

Speech Cls. Speech Gen.
Can it achieve parameter efficiency f f

compared to fine-tuning paradigm? 71 11 8 59 25
A A A 44

[ Speech LM }
£ Fixed]

+ N
PASR PTRS oA i il

prompt prompt prompt 119




Prompting Paradigm ]

Can prompting technology be applied to Seguence Gen.
speech processing?
Speech Cls. Speech Gen.

Can it achieve parameter efficiency f T f
compared to fine-tuning paradigm? 24 11 8 59 25

A A A 44
How is the performance for different }
kinds of speech processing tasks? [ Speech LM

£ Fixed ]

+ L
P sk e

prompt prompt prompt 120




[ Prompting Paradigm ]

1. Can prompting technology be applied to Seguence Gen.
speech processing?
Speech Cls. Speech Gen.
2. Can it achieve parameter efficiency f T f
compared to fine-tuning paradigm? 24 11 8 59 25
A A A 44
3. How is the performance for different }
kinds of speech processing tasks? [ Speech LM

£ Fixed ]

[ ] [ ] [ ] L
Limitation: f
Still require training PASR Pms ‘ ¢ s

for a specifc task

prompt prompt prompt 121



In-Context Learning

Predicting based on the demonstrations



In-Context Learning

Predicting based on the demonstrations

Language
Model

e.g. Sentiment classification in NLP

[Terrible service, cold food][ Neg ][ Great food ][ Pos ]

X Y1 X, Y,

A\ J
Y

demonstrations concatenated at the beginning




In-Context Learning

Predicting based on the demonstrations

Language
Model

e.g. Sentiment classification in NLP ?

[Terrible service, cold food][ Neg ][ Great food ][ Pos ] [ Fantastic dinner, perfect pasta }

X1 y1 X2 y2 Xt
\ J
Y

demonstrations concatenated at the beginning target data point




In-Context Learning

Predicting based on the demonstrations

Language
Model

e.g. Sentiment classification in NLP ?

[Terrible service, cold food][ Neg ][ Great food ][ Pos ] [ Fantastic dinner, perfect pasta }

X1 y1 X2 y2 Xt
\ J
Y

demonstrations concatenated at the beginning target data point




In-Context Learning [En]

Predicting based on the demonstrations I
3
A
[ Speech LM ]
e.g. Langauge Identification \

demonstrations target data point



In-Context Learning [En]

Predicting based on the demonstrations I
3

The original GSLM can not understand fails A

to make prediction [ Speech LM ]
A

demonstrations target data point



In-Context Learning [En]

Predicting based on the demonstrations I

3

The original GSLM can not understand fails A
to make prediction [ Speech LM ]

\

LLM can take care
of random labels

Larger language models do

in-context learning differently Y . .
(https://arxiv.org/abs/2303.03846) demonstrations target data point




In-Context Learning [En]

Predicting based on the demonstrations I
3
A

How far can we get with SpeechPrompt? [ Speech LM ]
A

demonstrations target data point



Warmup Training:
Learn ICL prompts to enable the
speech LM with ICL capability.

| Emotion Recognition

A x) ) ) ) D
ﬁ N [Sad] M [Happy]

Warmup Training

...........................................................................................

: Language Identification [En]

Speech LM ¢§¢

Speech LM #

Exploring In-Context Learning of Textless Speech Language Model for Speech
Classification Tasks, Interspeech 2024. (https://arxiv.org/abs/2310.12477)



Warmup Training

Warmup Training: e e e e T :
: Language |dentification [En]
Learn ICL prompts to enable the A
speech LM with ICL capability. 1‘ T Spee;h LM % 1\
: A‘
_ Emotion Recognion [Sad] '
_ é r
ICL-Speech LM TR
T TR
' B o o . Bt S
In-context Learning e nooNOX(beRIING]
o The LM is fixed . Spoken Command Recognition [On]
Th is fixed . (unseen task) A
O e prompt Is Tixe Speech LM 3%

o The task is unseen 5 5 i 1 ¥ D
5 ok o e e



In-Context Learning on Unseen Tasks

70 1 7 Random
E6.56 64.1% Linear Classifier
0. 270 B Few-shot ICL

54.7%

50.8%

3

Accuracy (%)
8 8

N
(=]
L

=
o
!

o
I

MUStARD Google SC Arabic SC
(SD) (SCR) (SCR)

Warmup training:
Mandarin SCR, Lithuanian SCR, Language ID, Emotion Recognition



In-Context Learning on Unseen Tasks

3

Accuracy (%)
8 8

N
(=]
L

10 4

[ Random
64.1% Linear Classifier

60.9% B Few-shot ICL

54.7%

50.8%

MUStARD Google SC Arabic SC
(SD) (SCR) (SCR)
- v _

Unseen Speech classification tasks




In-Context Learning on Unseen Tasks

D i

70 / 7 Random
! 60.9% 64.1% Linear Classifier
a 0

I Few-shot ICL
54.7%

50.8%

5

Accuracy (%)
—s

' MUStARD Google SC Arabic SC
(SD) (SCR) (SCR)
® GSLM can perform In-context Learning outperforming random
guessing and linear classifier




In-Context Learning on Unseen Tasks

o~

70 1 / 7 Random
64.1% Linear Classifier
I Few-shot ICL

50.8%

3

36.5%

Accuracy (%)
8 8

N
(=]
L

10 4

MUStARD Google SC Arabic SC
(SD) (SCR) \ (SCR) /

e Underperform linear classifer probably due to cross-lingual setting




In-Context Learning on Unseen Tasks

70 1 7 Random
E6.56 64.1% Linear Classifier
o0 Sedta B Few-shot ICL

50.8%

3

Accuracy (%)
8 8

N
(=]
L

=
o
!

There’s still a big performance gap between the simple supervised models.
Surprising to get a non trivial result.
® GPT-3~ 170B parameters
® GSLM ~ 150M parameters + prompts (0.2M)




Related Works



WavPrompt

® Pioneer of prompting for ,
speech processing Ly

Autoregressive Language Model
A

e Audio Encoder + Text
language model (GPT-2) 1

Audio Encoder Text Embedder Audio Encoder Text Embedder

A A
. ._ . +we. The speaker is s | : I e The speaker is
e In-context Learning for ol e The ke g e et
[Transcription] » v — [Transcription] R —.—
S po ke N Ia ngu age A woman In a red suit. Qupeomipt & Al A man climbs a mountain. Qx: procupt
un d e rsta N d | N g ta S ks Task D'cmonstration Test Q'ucstion

WAVPROMPT: Towards Few-Shot Spoken Language Understanding with Frozen Language Models,
Heting Gao, Junrui Ni, Kaizhi Qian, Yang Zhang, Shiyu Chang, Mark Hasegawa-Johnson (Interspeech 2022,
https://arxiv.org/abs/2203.15863)



Prefix-Tuning

P-Tuning

Prefix
(Translation)

Prefix
(Summarization)
1

Prefix

(Table-to-text) Transformer (Pretrained)

Frnrnenl

name Starbucks type coffee shop [SEP] Starbucks serves coffee]
Input (table-to-text) Output (table-to-text)

Pl ... [P; ERt B
[ lO] [ LZ] [ }H] [ i ] Bk
"""""""""""""""""""""" , Propagation
Prompt Encoder l————
1 ____ I__::;I;i;a_l _____ Brittin | | [MASK]
v v v
ho --- h;e(capital) e(Britain) h;yq---h,, e((MASK)])
T S | " —
Pre-trained Language Model
(GPT, BERT, ...)
| I

e Deep prompts for Natural
Language Generation

Prefix-Tuning: Optimizing Continuous Prompts for Generation,
Xiang Lisa Li, Percy Liang
(ACL 2021, https://arxiv.org/abs/2101.00190)

® Deep prompts for Natural
Language Understanding

GPT Understands, Too, Xiao Liu, Yanan Zheng, Zhengxiao
Du, Ming Ding, Yujie Qian, Zhilin Yang, Jie Tang
(https://arxiv.org/abs/2103.10385)




The Power of Scale for
Parameter-Efficient Prompt Tuning

Black-box tuning

. Pre-trained
Model Tuning Model
(11B params)
al 4 N\
Task A |22 Task A Model
Batch (11B params)
-
b1 ( )
Task B Task B Model
Batch (11B params)
- @
)
1
Task C [c2 Task C Model
Batch (11B params)
N\ 4

Prompt Tuning

Mixed-task
Batch
A | a1
C|l ct
[ B ] B | bi
A| a2
C c2

Task Prompts
(20K params each)

Pre-trained
Model
(11B params)

-~ Update Prompt .-~ Task Prompt (Tunable)

m;

/.- Samples
QUer.y R P

Query ]

Response

e
J Respo\'\5

_—

Q

PTM Inference
(Black-Box)

Mixed-Task
Batch

Server

Users

e Mixed-task Batching

The Power of Scale for Parameter-Efficient Prompt Tuning,
Brian Lester, Rami Al-Rfou, Noah Constant
(EMNLP 2021, https://arxiv.org/abs/2104.08691)

e Language-Model as a Service
(LMaaS)

Black-Box Tuning for Language-Model-as-a-Service,
Tianxiang Sun, Yunfan Shao, Hong Qian, Xuanjing Huang,
Xipeng Qiu (ICML 2022, https://arxiv.org/abs/2201.03514)




UniverSLU

| Tokens predicted by Whisper Decoder I

| SLU Task Specifier |
——

Example Prompt:
<len|> <|scr|> <|google_scr|> <|notimestamps|> down
<|it|> <|scr]> <|it_scr|> <|notimestamps|> iki

<|en|> <|fsd|> <|asvspoof|> <|notimestamps|>
Language class:spoof
Identification
—_—

No |
Timestamps
Example Prompt using Natural Phrases:
<|en|> Understanding spoken instructions
<|notimestamps|> down
——

<|en|> Recognizing voice commands
<|notimestamps|> down

| Voice Activity Detection |

® Design task specifier for prompting Whisper
® For SLU, promoting Whisper is better than SpeechPrompt

UniverSLU: Universal Spoken Language Understanding for Diverse Tasks with Natural Language
Instructions, Siddhant Arora, Hayato Futami, Jee-weon Jung, Yifan Peng, Roshan Sharma, Yosuke Kashiwagi,
Emiru Tsunoo, Karen Livescu, Shinji Watanabe (NAACL 2024, https://arxiv.org/abs/2310.02973)



Natural Language Instruct-VC

as Instruction

Target Speech

i

e Natural la nguage Text-Instruction-Guieded Voice Conversion Audio Codec Decoder
instruction for - o
speech LM bt ot

Neural Codec Language Modeling

e Condition the speech U U
LM on instruction A b
a nd a n |n p Ut Text To;enizer Audio Cod;c Encoder

" Articulate slowly with Source Speech
n a deep tone.

Towards General-Purpose Text-Instruction-Guided Voice Conversion, Chun-Yi Kuan, Chen An Li,
Tsu-Yuan Hsu, Tse-Yang Lin, Ho-Lam Chung, Kai-Wei Chang, Shuo-yiin Chang, Hung-yi Lee
(ASRU 2023, https://arxiv.org/abs/2309.14324) demo: https://text-quided-vc.qithub.io/asru2023_demo/



https://arxiv.org/abs/2309.14324
https://text-guided-vc.github.io/asru2023_demo/

Natural Language

as Instruction

Dynamic-SUPERB

Dynamic-SUPERB

- . s 1 Content Speaker Semantics Degrad. Paralin. Audio

I n St r u Ct I 0 n _t u n I n g : : [ Language | [ Detection | Intent | | Detection | Accent | ( Bird
[
: New Tasks , [ Spoken Term | [ Counting | [ Dialogue | [ SNR | [ Emotion | [ Chord
b e n c h m a r k fo r S p e e C h :‘ E | Speech-Text | [ Verification | [ sarcasm | [Reverberation| [ Spoof | [ Environment |
--------- T =
models
Benchmarking
Count the number of speakers in the given trepe

audio recording. The answer could be one, two,
three, four, or five.

55 tasks: Audio, content, LS o
paralinguistics, semantic, | (“) Models

Identiy the appropriate action label of the
= dialogue. The answer could be question, inform,

degradation, speaker Community  arecwe.raommeme r

Dynamic-SUPERB: Towards A Dynamic, Collaborative, and Comprehensive Instruction-Tuning Benchmark for
Speech, Chien-yu Huang, Ke-Han Lu, Shih-Heng Wang, Chi-Yuan Hsiao, Chun-Yi Kuan, Haibin Wu, Siddhant Arora,
Kai-Wei Chang, Jiatong Shi, Yifan Peng, Roshan Sharma, Shinji Watanabe, Bhiksha Ramakrishnan, Shady Shehata,
Hung-yi Lee (ICASSP 2024, https://arxiv.org/abs/2309.09510) website: https://dynamic-superb.github.io/



https://arxiv.org/abs/2309.09510
https://dynamic-superb.github.io/

Conclusion



Conclusion

e Achieve a unified prompting framework for Sequence Gen.
speech classification, sequence generation, Speech Cls. Speech Gen.
and speech generation tasks * *

71 11 8 59 25
A A A4 4

[ Speech LM }
LF Fixed]

P sx Pscr Pres | b Wil

prompt prompt prompt




Conclusion

e Achieve a unified prompting framework for seguence Gen.
speech classification, sequence generation, Speech Cls. Speech Gen.
and speech generation tasks * *

e With more advanced speech LMs are MmN '8 39 2
developed, further performance o ——
improvements can be observed [ Speech LM }

lr Fixed ]

PASR PSCR PTRS b sl e i

prompt prompt prompt




Future Works
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~===---------------" |Input Prompts
Deep Prompts guiding the
attention mechnism

e Prompting is an effective and efficient method to guide the speech LM



[ Attention Module

{ ~ )

(wo) (we) (W] Pacer Speech LM

A A A ‘ [ Fixed]
X A A Ak

D_l ‘ 71 11 8 59 13

H}(J « prompt *

p (trainable) TP T——.
oV A o s

' Input Prompts

Deep Prompts guiding the
attention mechnism

® Prompting is an effective and efficient method to guide the speech LM
® Limitation: (1) Don’t understand natural language (2) The generated
speech may lack competitive semantic quality.



LLM Guided Speech Generation

e Possible solution: Introducing LLM
® Strong natural langauge understanding
and generation capability

Large
Language Model




LLM Guided Speech Generation

Prompts are derived from LLMs

Text |
. 4
Large
Language Model {Pdeep Speech LW ( Fixel]
[ Fixed A A L
T .
Text

Maintain the generation ability of both the text LM and speech LM



LLM Guided Speech Generation

Prompts are derived from LLMs

Text

T Prompts are derived from the WW%WW

LLM’s representation *

e |- |
ce eech LM
Language Model ; : : P f Fixed]

T{ Fixed | (trainable)

—

Text



LLM Guided Speech Generation

Prompts are derived from LLMs

Text |
Prompts are derived from the WW%WW
T LLM’s representation *
“ 1
Language IfVIO del _{Pdeep Speech LM Froad)
Fixed
T l a 4 4
| —p
|

Text D B Dialogue data
e Podcast
1] DN el ] o movies, dramas, ...



LLM Guided Speech Generation

Prompts are derived from LLMs

Text

T

Large
Language Model

Prompts are derived from the

LLM’s representation *

T [ Fixed

Text

]

Fixed ]

_{Pdeep Speech LM
W

—

Zipper: A Multi-Tower Decoder Architecture for Fusing
Modalities (https://arxiv.org/pdf/2405.18669)



LLM Guided Speech Generation

e.g. Speech version Chatbot

Once upon a time, in a magical forest,...

1
Language Model Pacos Speech LM [ Fixed |

T‘ Fixed] A A ‘

Please tell a bedtime story.



LLM Guided Speech Generation

e.g. Speech version Chatbot

LLM focuses on:
e Content

Once upon a time, in a magical forest,...

1
Language Model Pacos Speech LM [ Fixed |

T‘ Fixed] A A ‘

Please tell a bedtime story.



LLM Guided Speech Generation

e.g. Speech version Chatbot

LLM focuses on:
e Content

Once upon a time, in a magical forest,... "
T (Once upon a time, in a T

magical forest,...)
P |
Language Model deep Speech LM (5% Fixe d]
A A ‘

T " Fixed ]

—p
Please tell a bedtime story.



LLM Guided Speech Generation

e.g. Speech version Chatbot Speech LM focuses on :
® Prosody, intonation,...

LLM focuses on:

e (Content
Soft and gentle tone

Once upon a time, in a magical forest,... i
T (Once upon a time, in a T

magical forest,...)
P |
Language Model deep Speech LM (5% Fixe d]
A A ‘

T " Fixed ]

—p
Please tell a bedtime story.



LLM Guided Speech Generation

e.g. Speech LM with Persona Speech LM focuses on :
® Prosody, intonation,...
LLM focuses on: e Laughter, sigh, ...
e Content

Why did Santa go to music school? To
improve his "wrap" skills! Ho ho ho! ‘ S
T (Why did Santa go to music
school? ... Ho ho ho!)

P )
Language Model feee Speech LM [ Fixed |
| W ‘

Fixed ]

_ —p
Imagine you are Santa Claus.

Please tell me a joke.
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1. Prompting vs. Adapter Tuning

[ Language Model J [A Language Model J
¥ F & F § § & KF § ¢ 3
prompt

e Contain more trainable parameters
e Adapter modifies the model
architecture

Contain less trainable parameters
Put at the input of the model
Easier to achieve mixed-task
batching



1. Prompting vs. Adapter Tuning

Natural language

orompting Prompt tuning  Adapter tuning Model tuning

# trainable

\. J
Y

parameter

Y
Prompting o _
Parameter-efficient tuning



2. Why Textless Langauge Model

Speech LM can be pre-trained with lots
unlabeled data in a language agnostic manner output
Lots of languages do not have (standard) +
written form (e.g. Taiwanese Hokkien)

Speech LM
The framework of SpeechPrompt is P
downstream label agnostic \ [ Fixed]

PtaSK o PLID

prompt prompt




2. Why Textless Langauge Model

® Sogech LM takes discrete units [ Speech LM ]
e S S S S S L
® storage and transmission 71 11 8 59 13
efficiency -
prompt
(trainable) Transmit ,
Server Side
Data format Data size (bits) ratio | T """ T[Tt mmmmmmsmmmmm-e
User Side
Raw waveform = 16 x 16000 x T 1 71 11 8 59 13
HUBERT repre.  32x1024 x50x T 6.4 T
Discrete units 10 x50 x T o A

(1,000 clusters)




