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Towards a Speech
Version of ChatGPT
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At the end of this talk, | will show you that this trivial solution is insufficient.
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How did LLM get there?

unlabeled data labeled data

BB B

Self-supervised
Learning

Instruction
Tuning

Understand

Foundation

Model

Instruction

One model for
all the tasks

human feedback
OH o o
RLHF

Safer & More

Helpful ...




How about Speech?

unlabeled data
i[is11:

Self-supervised
Learning

Speech

Foundation
Model




Self-Supervised Speech Representation Learning:
A Review

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

https://arxiv.org/abs/2205.10643
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Self-supervised Learning for Speech

fedfisoffieffe —

Unlabeled
speech data

Speech Pre-
trained Model

There are so many self-
supervised models ......

They have shown to achieve good
performance on ASR.

Are they specialist for ASR? Or
are they universal?

-
| believe they
are specialist.

g

My two cents
(before 2021)




S U P E R B Speech processing Universal
PERformance Benchmark

SUPERB: Speech processing Universal PERformance Benchmark

& Shu-wen Yang', Po-Han Chi'*, Yung-Sung Chuang"*, Cheng-I Jeff Lai**, Kushal Lakhotia®*,
B Yist Y. Lin**, Andy T. Liu**, Jiatong Shi**, Xuankai Chang®, Guan-Ting Lin",

F % 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

Yang https://arxiv.org/abs/2105.01051

INTERSPEECH 2021
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" S U P E R B Speech processing Universal
PERformance Benchmark
Evaluate a wide range of speech self-supervised models on many speech tasks

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

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

[ Speech ][ Speaker Diarization ][ Sarcasm Detection ][ Speech Translation ][ Speaker Separation]

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

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

https://arxiv.org/abs/2210.08634
D G D G D https://arxiv.org/abs/2210.07185

Content Speaker Prosody Semantic Synthesis https://arxiv.org/abs/2110.06280

Query-by-Example ] [ Persuasiveness

(QbyE) Prediction (PP)




How to use Speech Foundation Model

“How are you?” Speaker 42 Keep it simple
e.g., 2-layer LSTM { 4 e.g., Linear layer
...... R 8 \A""“
ASR 4] Downstream Downstream SID
ASR Model 1 Model 2 _
4 ) / \U _J 4 ~\
1 | 1
22222
|elee | | s | el
. J =" =\l J
Labelled -{m Foundation Model ]4--' Labelled

data T data

P o
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[ LastLayer ]
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[ Layer 2 ]
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[ Layer 1 ]
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Not always lead to
decent performance.

t W3
[ =k ] Downstream
TIIE
I R ..
(Cwez )] e—[I[[1]
1 ‘ ......... ’. re
|||!|||ﬂmmu- Wﬂ+@x+.
[ Layer 1 ] j(;};ed learned with the
tibw downstream task.

“Weighted-sum” is Very effective!



Results of SUPERB Emotion

| |

| ]

Content Speaker Semantic E

PR KS ASR | QbE | SID | ASV SD IC SF ER

fbank 82.01 8.63 15.21 0.0058 8.50E-04 9.56 10.05 9.1 69.64 35.39
PASE+ 58.87 82.54 16.62 0.0072 37.99 11.61 8.68 29.82 62.14 57.86
APC 41.98 91.01 14.74 0.0310 60.42 8.56 10.53 74.69 70.46 59.33
VQ-APC 41.08 91.11 15.21 0.0251 60.15 8.72 10.45 74.48 68.53 59.66
NPC 43.81 88.96 13.91 0.0246 55.92 9.40 9.34 69.44 72.79 59.08
Mockingjay 70.19 83.67 15.48 6.60E-04 32.29 11.66 10.54 34.33 61.59 50.28
TERA 49.17 89.48 12.16 0.0013 57.57 15.89 9.96 58.42 67.50 56.27
DeCoAR 2.0 14.93 94.48 9.07 0.0406 74.42 7.16 6.59 90.80 83.28 62.47
modified CPC 42.54 91.88 13.53 0.0326 39.63 12.86 10.38 64.09 71.19 60.96
wav2vec 31.58 95.59 11.00 0.0485 56.56 7.99 9.90 84.92 76.37 59.79
Vq-Wav2vec 33.48 93.38 12.80 0.0410 38.80 10.38 9.93 85.68 77.68 58.24
wav2vec 2.0 base 5.74 96.23 4.79 0.0233 75.18 6.02 6.08 92.35 88.30 63.43
wav2vec 2.0 Iarge 4.75 96.66 3.10 0.0489 86.14 5.65 5.62 95.28 87.11 65.64
HUBERT base 5.41 96.30 4.79 0.0736 81.42 5.11 5.88 98.34 88.53 64.92
HuBERT Iarge 3.53 95.29 2.94 0.0353 90.33 5.98 5.75 98.76 89.81 67.62

https://arxiv.org/abs/2105.01051



Results of SUPERB Emotion
A
.
Content Speaker Semantic :
PR KS ASR QbE SID ASV SD IC SF ER
fbank 82.01 8.63 15.21 0.0058 | 8.50E-04 | 9.56 10.05 9.1 69.64 35.39
PASE+ 58.87 82.54 0.0072 37.99 29.82
APC 41.98 91.01 14.74 0.0310 60.42
VQ-APC 41.08 91.11 0.0251 60.15 8.72 59.66
NPC 43.81 88.96 55.92 9.34
Mockingjay 7019 | 83.67
TERA 49.17 89.48 12.16 58.42
DeCoAR 2.0 14.93 94.48 9.07 90.80 83.28
modified CPC 42.54 91.88 13.53 0.0326 39.63 64.09 71.19 60.96
wav2vec 31.58 95.59 11.00 0.0485 56.56 9.90 84.92 76.37 59.79
vg-wav2vec 33.48 93.38 12.80 0.0410 38.80 9.93 85.68 77.68 58.24
Wwav2vec 2.0 base| 5.74 96.23 4.79 0.0233 75.18 6.02 6.08 92.35 88.30 63.43 )
wav2vec 2.0 large|  4.75 96.66 3.10 0.0489 86.14 5.65 5.62 95.28 87.11 65.64
HuUBERT base 5.41 96.30 4.79 0.0736 81.42 5.11 5 88 9834 | 88053 £4.92
HuBERT large 3.53 95.29 2.94 0.0353 90.33 5.98

They can be universal!




To learn more ......
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https://youtu.be/_GbZRM18NxQ
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More SUPERB families are coming ......
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Multilingual SUPERB
Carnegie il National 00 Metd
Mellon Tafwan,
University H‘HHH WHHH GoERAS R-MBRAND

Challenge at ASRU 2023
https://multilingual.superbbenchmark.org/

1 June 26, 2023: New Language Track
Submission Deadline

O July 07, 2023: Model Submission
Deadline



More SUPERB families are coming .......

il National
Taiwan

EUEEAS \@

AV-SUPERB

s v Carnegie
37 Mellon
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\* ”o e/ S/ )

N\ew’  University
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https://av.superbbenchmark.org/ R=MB R/\_N D

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

Yuan Tsengl, Layne BerryQ*, Yi-Ting Chen’*, I-Hsiang Chiu'*, Hsuan-Hao Lin'*, Max Liu'*,
Puyuan PengQ*, Yi-Jen Shih'*, Hung-Yu Wangl*, Haibin Wu'*, Po-Yao Huang4, Chun-Mao Lai',
Shang-Wen Li*, David Harwath?, Yu Tsao>, Shinji Watanabe®, Abdelrahman Mohamed®,
Chi-Luen Feng', Hung-yi Lee'

]

Yuan Tseng

https://arxiv.org/abs/2309.10787



Spoken Language Understanding Evaluation
(SLL‘ E) VZ https://arxiv.org/abs/2212.10525

SLUE Phase-2: A Benchmark Suite of Diverse
Spoken Language Understanding Tasks

Suwon Shon!, Siddhant Arora?*, Chyi-Jiunn Lin*’, Ankita Pasad**,
Felix Wu', Roshan Sharma?,Wei-Lun Wu?,
Hung-Yi Lee’, Karen Livescu®, Shinji Watanabe”

LASAPP “Carnegie Mellon University “*National Taiwan University
1Toyota Technological Institute at Chicago

New spoken QA corpus — SLUE-SQA-5: 47k spoken question-context pairs
Real speech!



Useful Toolkit!
The S3PRL toolkit

Creator

I =

Shu-wen Yang

S
Andy T. Liu

Masked
Reconstruction

Masked
Prediction

Autoregressive
Reconstruction

Contrastive

Multi-task

Handcrafted

Customize

Mockingjay
TERA
DeCoAR
DeCoAR 2.0

NPC

HUBERT

DiscreteBERT

APC

CPC

wav2vec

vg-wav2vec

wav2vec 2.0

[
[
[
| Va-APC
[
[
[
[

PASE
FBANK

log Mel

[ Any Upstream

Key Word ]
Detection
Spoken Term ]
Use upstreams with Phone Libri ]
torch.hub
aien ikoul slening Phone TIMIT ] Recognition
Your own project ASR ]
Intent Classifi ]
Slot Filling |
. Semantic
A Unified Translation ]
Interface
Spoken QA ]
Enhancement
Generative
Separation
For All
: Speaker Classifi]
Speaker Verifi ] Speaker
Diarization ]
Emotion Classifi| Emotion
Extraction ] repr.

Any Downstream] Customize




GitHub Stars

R RRIR BEX

Over 1.9k stars & used by over 48 repos

1.5k

1.OK

0.5k

=

Shu-wen Yang

#* Star History

F o3pri/s3prl ]

(6/19/2021)
wetaar > «  Meta helped promote SUPERB!

00 @MetaAl

(5/3/2021) SUPERB is released
on Github and Arxiv!

In collaboration with @ntu spml, @LTIatCMU, & @jhuclsp we introduce
SUPERB, a benchmark using 10 speech processing tasks to standardize

(7/14/2019) . evaluations of #unsupervised models used in speech processing
The first commit advancements. Submit & evaluate your models here:
by Andy' superbbenchmark.org
. TG
L53:26- 20216 H19H
QO s ¥ 69 [l 18 o
o 22 2022 2023 data from

Dat tar—history.co :
ate K star—history.com https://star-history.com/




How about Speech?

unlabeled data
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Self-supervised
Learning

Speech

Foundation
Model

One model for
all the tasks




SUPERB

ASR SID
“How are you?” Speaker 42

t 1

r N\ B
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Model 1 Model 2
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’& Speech Foundation Model ]
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Prompting
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How about Speech?

unlabeled data
i[is11:

Self-supervised
Learning

Speech

Foundation
Model

One model for
all the tasks




Prompting Speech LM

GSLM

Speech LM https://arxiv.org/abs/2102.01192
Audio LM
e — : https://arkiv.org/abs/2209.03143
@D @ ® @i it 137 s
e AR t b
Speech Speech LM

Decoder

ddt el 0 ® 9 ® @

lllllllllllllllllllllllllllll

Does a speech LM have potential to address for a wide range of speech tasks?



Classification

( Emotion R ition) @ e Class:
e.g., cmotion rhecognition 1 Happy
t

Prompt @ @ @

-+ el

an utterance spoken
in a happy tone

Unit ID Class
1 Angry
2 Happy
3 Sad




Classification

( E ti R iti ) @ eeen Class:
e.g., Emotion Recognition : Happy

Speech LM
t

Prompt (1 &) @ @

C t
Sequence Generation @ é
(e.g., ASR) y 1 o1
t

Prompt (1) (19 (57 (99 (2

MWWH*W (transcription: cat)

Unit ID Class
1 Angry
2 Happy
3 Sad
Unit ID Class
1 a
2 b
3 C




Classification

(e.g., Emotion Recognition) (?

Speech LM
t

Prompt @ @ @

(e.g., ASR)

Sequence Generation @ @
t 1

t
Prompt @ @ @

Speech LM

clean speech H—F»—W

tt

Decoder
Speech Generation

(e.g.,

Enhancement) (13) (I)
t t

Speech LM

t
Prompt @ @

noisy speech



How to find the prompt?

Classification
(e.g., Emotion Recognition)

we can learn prompt by
gradient descent

: t t+ t 1 1

Happy Embedding
Speech Encoder

Angry

(I N N N

Given the label data of
downstream tasks

Unit ID | Class
1 Angry
2 Happy
3 Sad




How far are we from Universal Speech Model?

2
1

Speech LM

{ i 119 57 99 2

llllllllllllll



SPEECHPROMPT V2: PROMPT TUNING FOR SPEECH CLASSIFICATION TASKS

Kai-Wei Chang'* Yu-Kai Wang** Hua Shen® lu-thing Kang*
Wei-Cheng Tseng' Shang-Wen Li’ Hung-yi Lee"
https://arxiv.org/abs/2303.00733

Kai-Wei Chang

Wei-Cheng Tseng Shang-Wen Li Hung-yi Lee



...
Speech Classification Tasks

Speech Command Intent Language Dysarthric
Recognition Classification Identification Classification
i - i - i N i N
Gender Speaker Accent Sarcasm
Identification Identification Classification Detection
G J N\ J N\ J N\ w
- ) [ ‘ g - - - 1 ( -
Emotion Fake Speech Voice Activity Audio
Recognition Detection Detection Classification
\ g\ g\ J \ _
b _/

GSL ’ [ :'
W ’I pGSLM Promey




+:Trainable mapping

Task Metric Dataset Language #Class SOTA (Topline) GSLM GSLM+ pGSLM pGSLM+

Google SC v1 En 12 98.6 [10] 94.5 94.6 94.3 94.7 (-3.9)
SCR ACC (1) Grabo SC Du 36 98.9 [11] 92.4 92.7 (-6.2) 17.5 19.6
Lithuanian SC Lt 15 91.8 [9] 932 (955(+37)) 909 79.5
Arabic SC Ar 16 98.9 [9] 99.7 lwo.o (+1.1)J 85.6 92.6
IC ACC (1)  Fluent SC En 24 99.7 [12] 97.2 97.3 98.1 98.2 (-1.5)
LID ACC (1)  Voxforge ED'; gsul?; 6 99.8 [13] 90.9 942 (-5.6) 81.8 80.4
FSD  EER(])  ASVspoof En 2 2.5[13] 18.5 13.5 13.1 (+10.6) 18.3
ER ACC (1) IEMOCAP En 4 79.2 [13] 42.1 443 499 [ 502(29)
AcC  ACC(1)  AccentDB En 9 99.5 [14] 78.9 83.4 86.5 87.1 (-12.4)
SD Fi(r) _ MUSIARD En 2 64.6 [15] 55.0 77.8 74.4 78.7 (+13.1)
MUStARD++ En 2 65.2 [16] 740 [ 752 (+10) 52.7 58.2
GID FI (1)  VoxCelebl En 2 98.3 [17] 86.2 87.3 91.6 (-6.7) 86.2
VAD  ACC (1) %’;ﬁigﬁ;j En 2 98.8 [18] 96.6 96.9 98.3 (-0.5) 98.1
AuC  ACC (D) ESC-50 % 50 97.0 [19] 90 [37.5(595) | 203 27.0

We can get reasonable performance on most classification tasks with prompting.



Experimental Results — Sequence Generation

Prompt length = 180
Slot Filling

Scenarios ASR oL #

WER |, CER.| FIT CER]

Prompt Speech LM -----» HUBERT-PT 34.17 26.14) 66.90 39.47 4.5M

Fine-tune Speech LM =====+++=- > FT-LM 26.19 16.80  &50.58 40.15 I51M
SUPERB setting ««-«=- > FTI-DM 6.42 l 1.48 I 88.53 25.20 43M
Prompt Speech LM+==-=---- »CPC-PT 59.41] 3712 65.25 60.54 4 5M
Fine-tune Speech H\Y/ ERLEEEEELE » FI-LM 35.61 17.90 Tg.34 42.&4 15IM
SUPERB setting - » FT-DM 20.18 525 71.19 4991 425M

Prompting speech LM is worse than other approaches ......



(AC. E.) (DE.ABC.) (C.DE.AB)

Ot h e r S p e e C h L M Token Masking SentenceP@mmutaﬁon Document Rotation
(A.c.e. ) (aBc.DE.) <O (A_.D_E.)
Token Deletion Text Infilling

Poor performance for ASR https://arxiv.org/abs/1910.13461

Text@?(?(? Text @@@

Decoder Encoder Decoder

t tt t 1
@@@ Speech @@@ Speech

GSLM Unit BART

https://arxiv.org/abs/2102.01192 https://arxiv.org/abs/2204.02967




Experimental Results — Sequence Generation

Slot Filling

Scenarios AR i #

: WER | CERL  FIT CER .|
Prompt Speech LM -----» HuBERT-PT 34.17 |Eﬁ.]4 | 66.90 5947 4 5M
Fine-tune Speech LM =====+++=- > FT-LM 26.19 16.80  &0.58 40.15 I51M
SUPERB setting «=«=s+-= »FI-DM 6.42 1.48 88.53 25.20 43M
Prompt Speech LM===xxx=-- »CPC-PT 5041 37.12 65.25 60.84 4 5M
Fine-tune Speech H\Y/ ERLEEEEELE » FI-LM 35.61 17.90 Tg.34 42.&4 15IM
SUPERB setting ===+~ » FI-DM 20.18 525 71.19 4991 42 5M

Prompting unit BART obtains CER.

(unpublished results)



To learn more ......

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

SCR ASR

Command Recognition Speech Recognition

IC LID

Intent Classification Language Identification

SD

Sarcasm Detection Downstream Task

ﬂﬁ Prompt

Spoken Language Model

L

Speech



How about Speech?

unlabeled data labeled data

[L]

Self-supervised
Learning

Instruction
Tuning
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Foundation

Model

Instruction

One model for
all the tasks



Speech Version of ChatGPT ......

MWWW } Speech Version happy
Identify the emotion of ChatGPT

‘ How Speech Version 9 _
eep male voice
Describe speaker of ChatGPT

characteristics

" ' i ' Hit Speech Version |
Please denoise of ChatGPT (clean speech)

the utterance




https://www.kocpc.com.tw/archives/182613

Instruction Fine-tuning for Speech LM:

Text-instruction-guided Voice Conversion




https://www.kocpc.com.tw/archives/182613

Instruction Fine-tuning for Speech LM:
Text-instruction-guided Voice Conversion

bty —

RIEFER ——

fE1= 3T ? == INTERSPEECH 2022 Tutorial

L (Xu Tan and Hung-yi Lee)
=L IRIBRIE =
]‘*}I EEDE ? https://tts-tutorial.github.io/interspeech2022/
—p>

Hello \_ _J




https://www.kocpc.com.tw/archives/182613

Instruction Fine-tuning for Speech LM:
Text-instruction-guided Voice Conversion

a
i —

,J\*a AR
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https://youtu.be/JZvEzb5PV3U



Related Work

fgt}'le Encoder

Emotion

\ rS['IEBI:h Decoder
< [ [I Sr}rlel Transformer Block ] x N
L Positional
\ ®_€3 Encoding Y,
'/liontcnl Encoder h
[ Variance Adaptor J

= [ l' Stylel Transformer Block ] AN
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[ : ) O i
.\L - . Wcur: Embediing 4\_;1/ 9 [* rllune1n3+Enlbedding . J y
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Style Prompt Content Prompt

PromptTTS

https://arxiv.org/abs/2211.12171

Predicted Acoustic Codes z

1

Discrete Diffusion

Model
{scale;, shift; } M, <«
T [ Variance Adaptor ]
SALN adaptor : i) .
b - Phoneme Encoder J
Feid u‘ Content A
. Encoder G}(—C@

Speaker | A ‘
Embedding }Z"—‘l> Style Encoder <—— Text Embedding Layer |
Layer )

P !

Speaker ID Style Prompt Mel Spectrogram Content Prompt

InstructTTS
https://arxiv.org/abs/2301.13662



Instruction Fine-tuning for Speech LM:
Text-instruction-guided Voice Conversion

‘ 4
“! ()
s Py o Y
2020 ¥ e Ii I

)
Chun-Yi Kuan Chen-An Li Tsu-Yuan Hsu Tse—Yéng Lin
(NTU) (NTU) (NTU) (NTU)

L%j A 7 a

Ho-Lam Chung Kai-Wei Chang Shuo-yiin Chang
(NTU) (NTU) (Google)

This research is based on work that is funded by a Googler-Initiated Grant from Shuo-Yiin Chang.



Instruction Fine-tuning for Speech LM

* Preliminary study: Text-instruction-guided Voice Conversion

Faster, slower, higher pitch ......

Speech LM

t t t t t 1
speak in a cheerful boyish voice @ 57) (1) 19) (57

“hello”

~
-
~®
=

®



Text-instruction-guided Voice Conversion

Training data format: [ Text Instruction ]

before conversion after conversion

Signal Processing Effect Dataset

sox -G src.wav tgt.wav tempo 1.75

:*

: Template + ChatGPT
\ 4

Speed up the audio to a significant degree.



Text-instruction-guided Voice Conversion

Training data format: [ Text Instruction ]

before conversion after conversion

InstructSpeech Dataset Please generate a slow and gaily
female sound.

1 ChatGPT 1
Gender: female
Neutral =—»| TTS Speed: slow

T Emotion: happy

_ “Hello”
TTS: https://azure.microsoft.com/en-

us/products/ai-services/text-to-speech



Text Initialization Text TTS Initialization @ @ @ @

m»ﬂ

Text Text

-@
- @
-®
-@®
-®

Speech LM

t t t ot t
speak in a cheerful boyish voice @ @ @ @



Experimental Results

Human Evaluation (MOS Score)

Instruction

4.19
3.69

 Don’t worry. We have improved the quality by using a better
EnCodec decoder.

* Even better than ground truth? The model generates more
apparent conversion.



Experimental Results Text Pre-  No Pre-

training training
A slow sad moving female bass appeared in a -~
low volume. NI
Add a profound sense of spatial dimension [/
for a more immersive audio experience. NI
Speak as if you're telling a bedtime story to a
child. (no similar training instructions) N
Adopt the tone of a news anchor delivering [,g

breaking news. (no similar training instructions)



Experimental Results

8192

Source speech .=

Decrease the speed of
speech slightly.

o

Decrease the speed of
speech. :

Decrease the speed of
speech notably.

Decrease the speed of -
speech extremely. '~



(This page is not a complete survey.)

What is still missing?

Speech  SUPERB series: 17 tasks nLp  General Language Understanding
— Evaluation (GLUE): 9 tasks
https://arxiv.org/abs/2105.01051

https://arxiv.org/abs/2203.06849 https://arxiv.org/abs/1804.07461

https://arxiv.org/abs/2210.08634 Super GLUE: 8 tasks

https://arxiv.org/abs/2210.07185 . .
https://arxiv.org/abs/2110.06280 https://arxiv.org/abs/1905.00537
FLAN: 62 tasks

https://arxiv.org/abs/2109.01652
CrossFit: 160 tasks
https://arxiv.org/abs/2104.08835
We need something bigger. BIG-bench: 204 tasks
https://arxiv.org/abs/2206.04615

with instruction © natural-instructions: 1616 tasks
https://arxiv.org/abs/2204.07705



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®?3, Shady Shehata®, Hung-yi Lee'

'National Taiwan University, Taiwan, 2Carnegie Mellon University, USA
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Format

[ Instruction ][ Input I Output

Please identify the emotion in the audio. The

“Happiness”
answer could be ......

Assess whether the provided speech is a

spoofed voice. The answer could be ...... Spoofed
Recognize when sarcasm or irony is employed in ) i

the speech. The answer could be ...... True
Please transcribe the utterance. “How are you”

Please speck slower.



Current Status

e 55 tasks created from 33 datasets

* Covering 6 dimensions
* Content: speech command recognition
* Speaker: speaker verification
* Semantics: sarcasm detection
* Degradation: noise SNR prediction
* Paralinguistic: emotion recognition
* Audio: environmental sound classification

55 is not a big number ...
They are all classification tasks ...

@® Content

& Speaker

® Semantic
Degradation

@ Paralinguistic

® Audio

Let’s work together!



BEYOND THE IMITATION GAME: QUANTIFY-
ING AND EXTRAPOLATING THE CAPABILITIES
OF LANGUAGE MODELS

Role Model: BIG-bench
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444 authors across 132 institutions
https://github.com/google/BIG-bench
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Current Status

e 55 tasks created from 33 datasets

* Covering 6 dimensions
* Content: speech command recognition
* Speaker: speaker verification

* Semantics: sarcasm detection ® Content
* Degradation: noise SNR prediction & Speaker
® Semantic

* Paralinguistic: emotion recognition

. . . Degradation
e Audio: environmental sound classification 9

@ Paralinguistic

Everyone can add new tasks! ® Audio

mmm) Dynamic Let’s work together!



Baseline: ASR + ChatGPT

You know, uh, | am just

1

r

-

Off-the-shelf ASR
(Whisper)

~

J

"-+hed

I

e

Angry

What'’s the speaker’ emotion?

instruction




Baseline: Whisper Encoder + LLM

= -

Whisper
: “_. LLM (LLaMA)

Encoder

\_ Y, .
Need to be ~ ‘ o

trained

H’»’MH*W What’s the speaker’ emotion?

instruction




Training Tasks vs. Testing Tasks

Training Tasks (23 tasks) Dynamic-SUPERB (55 tasks)
Speaker ASR Stress
Intent Sarcasm Verification Detection
Classification Detection .
RYLLLLLLLLLLLN Intent Sarcasm E Bird Sound E
Speaker . Emotion E Classification Detection E Classification |
Counting E Recognition | . (CTTTTTTITTTTe Unseen
. Tammmmmemmnnae Speaker E Emotion E Accent
§ Counting E Recognition I Classification
Training model i Seen
. (not the
para meters

same data)



Overall Results

Good B Random [ ASR-ChatGPT [ BERT-GSLM [ Whisper-LLM
o 100 g2 13 91
77.6
75 67.1 66.3
552 55.5

50

25
\ 4 0

Bad Content Speaker Semantics  Degradation Paralinguistics
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New Tasks
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Community

- e e e e e

Dynamic-SUPERB

Content Speaker Semantics Degrad.
| Language | | Detection | | Intent | | Detection |
| Spoken Term | | Counting | | Dialogue | [ SNR |
| Speech-Text | | Verification | | Sarcasm | |Reverberation |

Benchmarking

Count the number of speakers in the given
audio recording. The answer could be one, two,

three, four, or five.

e

Identiy the appropriate action label of the
dialogue. The answer could be gquestion, inform,
directive, or commissive.

e

Paralin.

Audio

Accent

Bird

Emotion

Chord

Spoof

Environment

three

question
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