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https://www.youtube.com/watch?v=gkAyqoQkOSk
https://www.youtube.com/watch?v=gkAyqoQkOSk
https://www.youtube.com/watch?v=MpsVE60iRLM
https://www.youtube.com/watch?v=sWz4e-DM4JU

Links

Model-Related Materials:

e Mimi Model: https://huggingface.co/kyutai/mimi
e CSM Model: https://huggingface.co/sesame/csm-1b

e Reference paper (Mimi codec): https://kyutai.org/Moshi.pdf
e technical blog post (CSM model):

https://www.sesame.com/research/crossing the uncanny valley of voice


https://huggingface.co/kyutai/mimi
https://huggingface.co/sesame/csm-1b
https://kyutai.org/Moshi.pdf
https://www.sesame.com/research/crossing_the_uncanny_valley_of_voice

Links

Homework-Related Materials:

e NTU Cool: https://cool.ntu.edu.tw/courses/50706/quizzes/65482
e HW 10 Colab:
https://colab.research.google.com/drive/1eSVN9UeZ-ITkA74EKzMtIu9lz3H

hRgBf?usp=sharing



https://cool.ntu.edu.tw/courses/50706/quizzes/65482
https://colab.research.google.com/drive/1eSVN9UeZ-ITkA74EKzMtIu9lz3HhRgBf?usp=sharing
https://colab.research.google.com/drive/1eSVN9UeZ-ITkA74EKzMtIu9lz3HhRgBf?usp=sharing

Goals of This Homework

e Learn how speech can be represented as tokens through the Mimi

model.

e Learn how to generate new speech content using speech tokens
through the CSM model.

e For this assignment, you only need to answer 12 multiple-choice

questions on NTU COOL.



Task description

Goal: Speech Generation

Input: Output:
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Task description

Speech Generation

Naive Speech Model
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Task description

Speech Generation

Speech token Model
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Task description
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Section 1: Tokenizer

§ > [ tokenizer J o —)[ detokenizer J—)

Section 1
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Section 1: Tokenizer (Mimi model)

Mimi Codec:
The tokenizer and detokenizer are learned jointly.

Mimi Codec’s training architecture: o i
= Adversarial losses [+

kyutal mimi ©

Cosine
similarity

ke
avLM

Z

Distillation

]

Convnet

Transformer

__J __J ’. Split residual vector quantizatior] & reconstruction
24kHz 12.5Hz
Neural encoder

Detokenize

J

]

Transformer

| gt

Neural decoder
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Section 1: Tokenizer

Mimi Codec:

In this assignment, we’'re not training a model. We'll simply use an already trained
codec to observe how it behaves under different conditions.

Tokenizer
—— —0
In this section (Tokenizer), we focus on 8 ° |E
i H ” —= § —P.—> pe]
How it behaves?”, and o
“What a token looks like in this model?” ;=
it ‘—'_:gz_»“—'_». Split residual vector quantization]
Neural-encoder
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Section 1: Tokenizer Then, each frame i
How does Mimi’s model extract tokens from audio? / quantized individually to

obtain the final tokens.

i ~0~ 0
N B
2l £
< —~ >0 2
O C
(@) - ©
: [
—
\_J_’._’_,_’. Split residual vector quantization
24kHz 12.5Hz
Neural encoder
Split into frames at \ )
12.5 Hz. (0.08 s) v

Tokenizer
= get mimi token ( eshwe-@ue- )
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How does Mimi’s model extract tokens
from audio? (Conti.)

Vector quantization(VQ):

Token3

RVQ:
https://arxiv.org/abs/2210.13438

https://www.assemblyai.com/blog/w

hat-is-residual-vector-quantization

Residual vector quantization(RVQ):

5
. Layer 1 Layer 2
4 Token1 2
Residual 1
3 .
Token2 (4-2) — 1 Token346
Y Token1 .
2 / Input Embedding B __.--" 1
1 (4-2) 1 2 3 4 5 6 0 ] 2 3 4 5
. Residual 2
B Input Embedding -1{ Residual 1
J1 o 1 2 3 4 5 6 7 /
i Tokend Repeat this operation for N layers.
)
[1, 346, ...... ]
J
Note. Sometimes we encounter what are called Y

finer tokens. Here, finer refers to tokens
produced by the deeper layers of the RVQ.

In Mimi, the number of layers it passes through can be
adjusted — by default, it goes up to 32 layers. 15



https://arxiv.org/abs/2210.13438
https://www.assemblyai.com/blog/what-is-residual-vector-quantization
https://www.assemblyai.com/blog/what-is-residual-vector-quantization

Section 1: Tokenizer
Comparing Mimi Tokens and Text Tokens
Text Tokens

Mimi’'s Tokens
x| R| %

| Segmented into frames by equal time
intervals
[emb,, emb,, ....... emb, ]
l Residual vector quantization

2002, 1057, ... 392 || _ v

: ------ : m

L _ E [27384, 46729, 53901]
914, 2023, ... 1131

16
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SECtiOI’I 1: TOkeniZET In Mimi’s model, one of the token layers

is distilled semantic token from a
self-supervised model (WavLM).

Previous course

Adversarial losses

a » Cosine
Lin. _similarity
Distillation
1 S P
: O~ -0 i
s
N o
g g »
—> —».—» W=
§ g . DD In this homework, we put all the
. = > tokens together for discussion —
- including the one that was trained to
_—0 Split residual vector quantization & reconstr follow WavLM.

—
24kHz 12.5Hz

Neural encoder We call that the zero-th layer, and

the rest — from layer 1 and
onwards are the RVQ layers.
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https://www.youtube.com/watch?v=gkAyqoQkOSk

Section 1: Tokenizer - Exercises

Task Descriptions:
Observations of Mimi’s token on different audios and understanding how the model interprets them.
Subtasks:

(1) Given the Mimi’s code of two audio files, what are their shapes? Compare their last dimension. (Multiple
Choice - Single Answer)

(2) Given a 8-second audio file, what would its last dimension be? (Multiple Choice - Single Answer)
(3) In Mimi's codes, what does the second dimension (=32) represent? (Multiple Choice - Single Answer)
(4) Examine any single value in the code. What is its data type, and why? (Multiple Choice - Single Answer)

(5) In Mimi's code, for the zero-th layer (codebook_layer = 0), what are the first five values of the
embedding corresponding to the code ID is 2047 (0-indexed) ? (Multiple Choice - Single Answer)
18
e



Section 1: Tokenizer - Exercises

(6) Following the procedure on Colab, plot the UMAP classification maps of 32 layers for different emotion

audio at layers 0, 6, 16, and 31. Examine the results and answer the question.
(Multiple Choice - Multiple Answers)

1. Emotion dataset
Use the EmoV-DB dataset with predefined Mimi

emotion categories. tokenizer
Amused, Angry, Di ted, SI , Neutral
(frmused, Angry, Disgusted, Sleepy, Neutral) \ 2002, 1057, . 392

https://www.openslr.org/115/

si19he|

y 914, 2023, ... 1131

Focusing on layers 0, 6, 16, and 31.

19



https://www.openslr.org/115/

06 Data Preparation-
Conceptual Flow: One Audio Sample, Specific Layer

1. Emotion dataset
Use the EmoV-DB dataset with predefined emotion categories
(Amused, Angry, Disgusted, Sleepy, Neutral) https://www.opensir.org/115/

Focusing on a specific layer.

2002, 1057, ...... 392 _
Mimi\ S : %
tokenizer L : pr
914, 2023, ...... 1131
di Wing Frames
'm Retrieval
256
Frames Mean-pooling over gl5r2 UMAEP

frames.


https://www.openslr.org/115/

What is UMAP?

Original 3D Data

2D UMAP Projection

UMAP is a nonlinear dimensionality reduction
tool that is faster than t-SNE and better
preserves global structure.

(Ref: Understanding UMAP)

The core goal of UMAP is to project complex,
high-dimensional data into a lower-dimensional
space while preserving the essential
neighborhood structure.

21



https://pair-code.github.io/understanding-umap/

06 Interpretation

e Each 2D UMAP figure visualizes all data points from a particular
layer.

e Every point within the plot is traceable to a specific audio file.

Layer Y

(Amused, Angry,
Disgusted, Sleepy,
Neutral)




Section 2: Detokenizer
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Section 2: Detokenizer

() . )
2002, 1057, ... 392 _ 5 |5
P e % : "é ) g i,
...... . a © . (&)
914, 2023, ... 1131 i .
lantization & reconstruction ._ﬁ_;_’._’_,
Frames Neural decoder

wructing audio from discrete tokens

This step demonstrates the benefit of using the token domain rather than the text domain.

Since the goal is to reconstruct the original audio, good tokens should retain all essential
information—emotion, prosody, speaker identity—so these features can be further processed.”

24
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Section 2: Detokenizer - Exercises

Task Descriptions:
Decode(Reconstruct) Mimi's code back to audios.
Subtasks:

(7-8) Listen to the original and decoded versions of the following audio types: (a) English speech, (b)
Chinese speech, (c) laughter, and (d) music. Evaluate how well each type is reconstructed, then answer
the provided questions.(Multiple Choice - Single Answer)

files = [
""//content/audiofiles/English_speech.wav", In this assignment, speech audio was

"//content/audiofiles/Chinese_speech.wav", generated using OpenAl.fm and
"//content/audiofiles/laughter.wav", ElevenlLabs.

""//content/audiofiles/music.wav",

25


http://openai.fm
https://elevenlabs.io/

Section 2: Detokenizer - Exercises

(7-8) Listen to the original and decoded versions of the following audio types: (a) English speech, (b)
Chinese speech, (c) laughter, and (d) music. Evaluate how well each type is reconstructed, then answer
the provided questions.(Multiple Choice - Single Answer)

from pesq import pesq

score = pesq(16000, ref, deg, 'wb')

Note. PESQ (Perceptual Evaluation of Speech
Quality):

an objective metric comparing a degraded
speech signal to its reference; outputs

ul PESQ (Perceptual Evaluation of Speech Quality) Score: 2.3492

In this task, we additionally employ MOS-LQO = -0.5-4.5 (higher = better); widely
PESQ as an objective evaluation metric used in telecom/VolIP and speech codec

for each decoded audio against its evaluation.

original in (a)—(d). (Ref: PESQ)

26


https://ieeexplore.ieee.org/document/941023

Section 2: Codec to Speech - Exercises
Conti.

(9) In the code, there is an audio file encoded into 4 layers (audio codes shuffled.pt) that has been
shuffled layer-wise. Try to reorder it and recover the original spoken sentence. (Multiple Choice - Single

Answer)
“Below is the process we used to construct a shuffled 4 layers file (audio_tokens_shuffled.pt).”

audio_tokens = extract_mimi_token("/content/original_audio.wav")

perm = torch.randperm(audio_tokens.shape([1l], device=audio_tokens.device)
audio_tokens_shuffled = audio_tokens.index_select(1, perm)

torch.save(audio_tokens_shuffled, "audio_tokens_shuffled.pt")

ft TODO (Q10) #HHHHHHHHHHHHAHAA S “Try to find the correct order (without repeating any

your_ans =|[0, 1, 2, 3]|# you can modify here (e.g., [0, 2, 3, 1]) — :
decode_aud T WTTRGUasS your_ans) sequence), among all 4! = 24 possible layer
permutations.”

27



Section 2: Codec to Speech - Exercises
Conti.

(10) Two equal-length(frames) audio files (Alice & James) are encoded into 8 layers, then interleaved and
decoded. Listen and select the correct statements.(Multiple Choice - Multiple Answers)
Example Result:

Codebook layer: |[|]|||]] split_index=0/8
P 0:01/0:06 em—— )

2 Transcribed text:
" Yeah, and it can even mimic specific people's voices with remarkable accuracy. It's getting incredibly advanced."

Oth layer —> 7th Layer
Codebook layer: |[|||]]||] split_index=4/8
Red: Alice Blue: James

Note. In this task, each sample is transcribed by Whisper (ASR model) and shown alongside the

audio as an additional objective cue.
28



Section 3: Backbone LLM

; —)[ tokenizer }—)
=

Speech
LLM

Section 3

—)[ detokenizer J—)
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Section 3: Backbone LLM

After the previous two sections, we found that we were only trying to reconstruct the
same audio file.

But... how can we make an Audio LLM generate an entirely new audio?

- : Speech )
i —_—> tokenizer FI)_LM \ detokenizer |=—>»
=+ 7 A
S // \
\ 7
£\ s \ .
2002, 1057, ...... 392 _ 1102, 1512, ... 1392 _
: ...... % L %
. : a | . a
1914, 2023, ...... 1131 314 1123, ... 1021
Frames Frames

30




Section 3: Backbone LLM

2002, 1057, ...... 392 _ > SpEECh > 1102, 1512, ... 1392 _
. . Q f—— — f—— — . . QO
T aiieas E LLM ...... E
...... pr pr
314, 1123, ...... 1021
Frames

1914, 2023, ...... 1131
Frames

-t
How are you ?

Translation Task
(Speaker 2) {R4FIE ?

fREFRE 2
(Speaker 1) {iR4F0E ? Voice conversion
Audio dialogue HIRYF,

{RAFIE 2
This allows us to model speech-to-speech tasks in the audio token domain, just like how

text-based LLMs predict tokens to generate language.
31




Section 3: Backbone LLM

In this assignment, we use CSM-1b as our backbone model.
https://www.sesame.com/research/crossing the uncanny valley of voice

CSM-1b: is a speech generation model that combines text and audio inputs to achieve
speaker voice cloning.
It uses Mimi’s tokens as its audio token representation.

Audio prompt: ’M’me

Speaker 1: 1 am happy.

. - > CSM W
| _ ‘

Speaker 2: | am sad. e

4 Speaker 1: Are you Okay?
Text prompt:
(Speaker 1) Are you Okay?

32



https://www.sesame.com/research/crossing_the_uncanny_valley_of_voice

Section 3: Backbone LLM

- Obtaining Access to the CSM-1B Model on Hugging Face

e Agree to access the CSM-1b model on Hugging Face
https://huggingface.co/sesame/csm-1b

% sesame/csm-1b T Qlike 2.25k  Follow » Sesame 1.49k

00 Textto-Speech & Transformers & Safetensors @ English csm  textto-audio @ License: apache-2.0

s Modelcard  I= Filesand versions <xet ¢ Community

2 Edit model card

%5 You need to agree to share your contact information to access this model

This repository is publicly accessible, but you have to accept the conditions to access its files and content.

By agreeing you accept to share your contact information (email and username) with the repository authors.

@ Agree and access repository

33


https://huggingface.co/sesame/csm-1b

Obtaining Access to the CSM-1B Model on Hugging Face

e Obtain your personal access token from Hugging Face

(3 Enterprise

Profile

¢ Notifications

Inbox (0)

New Model

New Dataset

New Space

New Collection

Pricing

= ®

Create organization

Usage Quota

Private Storage
Zero GPU

Inference Usage

Settings

0TB/1TB

0/25 min

$0.00/5$2.00

Access Tokens

Billing
Changelog

Sign Out

o3

< Create new Access Token

Token type
Fine-grained WGGELN Write
© This cannot be changed after token creation.
Token name
HW10

This token has read-only access to all your and your orgs resources and can mal
requests and comment on discussions.

Create token

34



Obtaining Access to the CSM-1B Model on Hugging Face

Input this token into the Colab environment

©

import torch

from transformers import CsmForConditionalGeneration, AutoProcessor
from huggingface_hub import login

import torchaudio

from IPython.display import Audio

login{"Your access token"p # insert access token here

model_id = "sesame/csm-1b"
device = "cuda" if torch.cuda.is_available() else "cpu"

35



Section 3: Backbone LLM - Exercises

Task Descriptions:
Understanding how the model generate entirely new audio using Mimi's code.

Subtasks:

(11) In Colab, try modifying the input_sequence. Given the input sequence shown in the image, what kind of audio output will be
generated? (Multiple Choice - Single Answer)

input_sequence = [

{
"role": "0",
"content": [
{"type": "text", "text": "With this instant ramen and duct tape, my Doomsday Pigeon will finally take flight."},
{"type": "audio", "path": emily_audio},
1,
hH
{
"role": "1",
"content": [
{"type": "text", "text": "That'll be $238. Midnight customers always pile up junk food like this. Guess it's cheaper than therapy."},
{"type": "audio", "path": jason_audio},
1,
+
{
"role": "o",
"content": [{"type": "text", "text": "Do you know that you were generated by AI?"}],
hH
] 36



Section 3: Backbone LLM - Exercises

HHHHHHHRHAH R TODO (QL1) ##HHHHHB AR
# Try different input sequences, experiment with text and audio combinations,
# then answer Question Q11.
» Playing input audio (Emily)...

P 0:00/ 0:1 co—m— )

Feel free to change the TODO block.

» Playing input audio (Jason)...
b 0:00/012 @ &) i If the generated result doesn’t sound good, try generating
again, since randomness is not restricted and each output will
» Playing the predicted audio... differ.

P 0:02/ 0:02 co—m )

(12) Observe the Colab code to understand how the CSM model works, and choose the correct statement.
(Multiple Choice - Single Answer)

37



Submission & Deadline

e Submit your homework to NTU Cool
o 2026/01/09 23:59:59 (UTC+8)
e No late submission is allowed

38



Regulations

e You should NOT plagiarize

e Please protect your own work and ensure that your answers are not accessible to
others. If your work is found to have been copied by others, you will be subject to
the same penalties.

e Your final grade x 0.9 and get a score 0 for that homework if you violate any of the
above rules first time (within a semester)

e Your will get F for the final grade if you violate any of the above rules multiple times
(within a semester)

e Prof. Lee & TAs preserve the rights to change the rules & grades

39



Grading Release Date

This assignment consists of 12 questions:

10 single-choice and 2 multiple-choice.

Each single-choice question is worth 0.8 points and each
multiple-choice question is worth 1 point, for a total of 10 points.
ZEBMFTDARAT TBEZELS A B2 (1)/ERBRMER, SHIH
BEEESBAARESSS, HixAEIEMHESEERN, BRSNS R N5, M
204 1E, |

The grading of the homework will be released by 2026/01/09 23:59:59
(UTC+8)
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[Important] - S HA$E RU#E 2> 1 e il

o AFIRRFEBRMEEME SNAREEHLELET 2026/01/09 23:59:59 A,

o NHERAMXKEME 01/10 ~01/11ZR BRI E, BEHNRERERRE, 7N
ERMRXFEZIMHIERAM.

o ZIFBEREA 2026/01/11 23:59:59 (UTC+8),

o EHAMBRIEITIN 2026/01/12 X, BREEHZ E LT MEBERERTNR,
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NTU COOL RE %/ 1h Z &8

sBm=+ - 0,
—  ERAATEEEMSBBEES AAL390) > #35T 1 94.8% (A+)
o BB EREAR TS
114-1 (2025 Fall) ﬁj:
EERA %J (=]
|EE
S RETFIE AR
wEnE
A%
EZ NVDLI mo e 10/10
43 FRIES
i Assignments 94.8% 94.80 / 100.00
Imported
RE Assignments RES 0.00 / 0.00
X1

Leganto EBHAR A 94.8% 94.80 / 100.00




Early access to the course grade

o RIEFEIN/2 EHAE,

o MEFIAHINEHFTEREBMENE TEREETASTHEEERSTRE, &
9T L e g R 281E X,

o HEFEEMHIEF, [E1 L [GenAl-ML 2025 Fall Early Grading] B EE il fft £
#&HEL NTU cool EFTfERZ email, UK EIEHZ, BIZEiLANH IERIESR
, IR RIR R R, ElE AR,

o EEUMNEEEIFLUEMEXEBRESE,
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If You Have Any Questions

NTU Cool HW10 £ :t:m =

(@)

(@)

MBERBHUBETS R ESRRIBR, H—EERNTU Cool 53

BI#EMERERENTU CoolstimlE LRIRIRE

Email: ntu-gen-ai-ml-2025-fall-ta@googlegroups.com

(@)

(@)

Title should start with [GenAl-ML 2025 Fall HW10]
Email with the wrong title will be moved to trash automatically

TA Hours

(@)

(@)

(@)

12/22,12/29, 01/05 (Mon) 20:00 ~ 22:00
12/26,01/02, 01/09 (Fri) 17:30 ~ 19:30
Location: Google Meet (Link)
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Appendix. (Task questions with its options)

(1)
EEE RBEHEMRY. BEFEEIED encode HZRHI Mimi's tokens Z5kREK/IN(.shape) & 2
e 2sAudio.wav =[1, 32, 120], 4sAudio.wav = [1, 32, 240]

e 2sAudio.wav = [1, 32, 25], 4sAudio.wav = [1, 32, 50]
e 2sAudio.wav = [1, 32, 2], 4sAudio.wav = [1, 32, 4]

e 2sAudio.wav = [1, 32, 2048], 4sAudio.wav = [1, 32, 2048]

45



Appendix. (Task questions with its options)
(2)

FEEE LR —ERETENRR —EEE, F—@ 8 #E1EH encode A Mimi's tokens, &xi&k—
BHEX/NBZD?

o 8
e 150

e 100

46



Appendix. (Task questions with its options)

(3)
ZEIETE :Mimi's tokens B Z B E A 32 KRTE?
o frames, R ERRINLEA 32 {Eframes

e num_codebooks (token layers), fXZREH Y tokens £ H 32 [
e channels, X&RIHH 32 EA=ZE

e batch_size, XFREVH A 32 & H
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Appendix. (Task questions with its options)

(4)

SRIERE:Mimi's tokens thEgE —Bifl, HEMEAERHE? AHE?

float32, EA& Mimi #J tokens B £ B E##F embedding MEBZEEEE,

integer, & Mimi R RVQ #& SABEAE LA — BB ERIEE embedding L B#EREY
tokens,

string, &% Mimi B tokens fREXET LA ARALRIEGL, Rt BUFREBERA KRR,

boolean, EA& Mimi #4 tokens AXE L2 = TiLBFE R, RER 0/1 KK E,

48



Appendix. (Task questions with its options)

()

RIZEFE :Mimi's tokens B Z{ERE (layers), &1@ token $FEYEE embedding, SERIEEEE
codebook_layer(token layers) = 0, code ID & 2047 (0-indexed), & embedding I EEE{EA ? (I
R AZE/NSERIAL)

[ 0.3452, 0.0624, -0.1930, -0.5179, 0.1582]
[-0.0055, 0.3850, 0.7027, -0.4732, 0.5290]

[-0.2068, 0.3137, -0.9929, -0.0826, -0.0087]
[-0.6255, 0.0448, -0.4475, 0.7799, -0.4781]
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(6)

% B & KR colab i, EH [0, 6, 16, 31] & Mimi’s tokens embedding # A~ R & #&4RaC T BY

UMAP , {55 5 338 H 1F f Rk

UMAP B —EJEMRMERIEHREIL TR,

UMAP i RI#ER B ROEE, KRBTSR RERFRENEE,

FLE Layer 0 &2 Layer 31, E¥i(Layer)#X, embedding ZEE# %A LMB KN MEES,
LL® Layer 0 £ Layer 31, FE¥(Layer)i#/]\, embedding Ef&## 85| LB RO MEES,
FHERZE Layer 0 2 BB, /B REFI KB Amused, Angry, Sleepy 7 Z R,
FHIEIZ Layer 0 Z8UAEl, E%/BRES KBt IG Disgusted, Sleepy, Neutral 73 Z A [F B,
{FHlE%S Layer 6 2 8B, ZEREFIKEUMIF Amused, Angry 532+,

IFHIERES Layer 6 2 #fh[E, 2B REZIKBUATF Sleepy, Angry 775,

50



Appendix. (Task questions with its options)

(7)
ZEIERE L TTS_English_speech.wav E2 TTS Chinese_speech.wav, & ft 2 1EfEY ?
o X TTS MREEEEBMREX, BR Mimi EhXESTLEFES

o ENHEAPXTTS EEMANRER, Br Mimi It ESEESETER.
® %ELX&% bft EfET Mimi __”_JH#JEEEEF%I =] nﬂﬁnﬂo

o EXTIS HEEMEENHPX, BT MmiEESHEIEE.
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(8)
BE1ERE : LR laughter.wav 1 music.wav, Bi—{EE4& decode BIZRAIM RExE, EFRIRERKRTE?
e laughterwav EEZMNR L&E, R Mimi BEHIFEHEREMEIEE S TN

e laughterwav EFEEMUR LRE, BER Mimi 2 EEREEEMAESIEEEES,
e music.wav EEEMKE LHEE, B8~ Mimi's tokens B L EERIHA, TTEEH# LI RIRS 8,

e musicwav EEEMHMRLRE, BTREHRIEFHEAEIEZR RLHUEEELE,
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(9)

EiEE EEXES, —EELTES A Mimi model encode % 4 layers BIFEE
audio_codes_shuffled.pt, EEZRIEFHEFE#ITEL, FRERKH EEIEF (FREEHES, & 41 =24 {F
#H4E), IESEE decode #ER . BIEENBXFA?

e Generative Al can be challenging, but each experiment feels like exploring a completely
different universe of thoughts.

e Generative Al is so much fun, and every experiment feels like discovering a brand-new world
of ideas.

e Generative Al is quite powerful, and every experiment feels like stepping into a fresh
landscape of imagination.

e Generative Al is truly exciting, and every new attempt feels like opening the door to another
dimension of creativity.

53



(10)

ZERIEE B BEREMRESZREEIE (Alice & James), #3# encode i 8 layers, i FEE H
H decode, iR R RIFEE R RFE L LI T EFERUR,

Mimi’s tokens FISEZE7E I L EEH7E WavLM B Semantic Token BIE
HNEZSENNETEHERZ Semantic Token, ME/\BHESEHEBRIEMIERT, A ATHE
A% decode I LIBIEMZEETNS,

EEEFEMENAFERRNRT, EEEZREEE, decoder thgE% B iFithf5F S FA A%k,

B ATE split_index = 2 BF, FEFFEEIEMATE,

1% split_index = 3 2, FHREZAE—EFES (Alice)

1% split_index=2~6 MEREBRBHRIGERESERAIEETE |, thil 281 Alice R{GVEE,
RIS Alice,

& split_index=2~6 MERH=RIRIERETREAREETE ), bl 2E1FE James R{LDEZ
, FRIB{E R James,
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Appendix. (Task questions with its options)
(11)

HIERE  7E colab WEE K input_sequence BINZ, FERI#AE R B PIM input_sequence &
JERHIEIE ?

e Jason BIE &R “Do you know that you were generated by Al?”
e Emily BIZEE:R “What? Seriously?”
e Emily B9EE:% “Do you know that you were generated by Al?”

e Jason HIEE:ER “What? Seriously?”
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(12)

BEIERE  HE Colab #2015, WA CSM fRAER, EH IEHERIRRL,

B CSM #&EI LI Mimi’s tokens & audio token, ##E %Y H B9 audio token B & 2]

Mimi model 28R E .
i} CSM £ EEF BEE Mimi model #&i@#& EI%R, HARE & H Y audio token A TE 55X A

Mimi model f#EERLE .
EH2 CSM =& ifi kB Mimi model RIEFEI%E, #& CSM B H A9 audio token L E 1% (E]

Mimi model f#EERkE .
B CSM RE B Mimi 122! 2 M{EEBILAIHEE!, CSM 4 R 2k B4 token, A Mimi 89

decoder R EFH A,
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