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Emergence of Music Generative Al
Rapid Democratization of Text-To-Music (Audio) Creation
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Problem: Eval on Music Generative Al
How can we Evaluate Generated Music?

Objective

FD (FAD): overall quality & distributional similarity (Set-level).

IS: intrinsic fidelity and diversity (Unpaired).
KLD: content consistency via paired comparisons (Instance-level).
CLAP Score: semantic alignment between text and audio (Instance-level).

Model AA-Train.  TA-Train. | FDpann | FDype | Inception Score 7 KL Div. | |
Riffusion [£] X v 68.95 10.77 1.34 5.00
MuBERT [26] — — 31.70 19.04 151 4.69
AudioLDM v X 38.92 3.08 1.67 3.65
MusicLDM v X 26.67 2.40 1.81 3.80
MusicLDM (Only TA-Training) X v 32.40 2.51 149 3.96
MusicLDM w/. mixup v X 30.15 2.84 1.51 3.74
MusicLDM w/. BAM v X 28.54 226 1.56 3.50
MusicLDM w/. BLM v X 24.95 231 179 3.40
MusicLDM w/. Text-Finetune v v 27.81 1.75 1.76 3.60
MusicLDM w/. BAM & Text-Finetune v v 28.22 1.81 1.61 3.61
MusicLDM w/. BLM & Text-Finetune v v 26.34 1.68 182 3.47

output
channels/sr  length | FDopents & KLpasst &+ CLAPgcore T |
AudioLDM2-48kHz [4] 1/48kHz 10 sec 101.11 2.04 0.37
AudioLDM2-large [4] 1/16kHz 10 sec 170.31 1.57 0.41
AudioGen-medium [20] 1/16kHz 10 sec 186.53 142 0.45
Stable Audio 1.0 [5] 2/44.1kHz ~ 95sec | 103.66 2.89 0.24
Stable Audio 2.0 [6] 2/44.1kHz 190 sec ' 116.14 2.67 0.24
Stable Audio 2.0 [6] 2/44.1kHz 285 sec ' 110.62 2.70 0.23
Stable Audio Open 2/44.1kHz 47 sec 78.24 2.14 0.29
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Chen, Ke, et al. "MusicLDM: Enhancing novelty in text-to-music generation using beat-synchronous mixup strategies." ICASSP 2024.
Evans, Zach, et al. "Stable audio open." ICASSP 2025.

Following evaluation techniques used in past work on audio generation [24], we use frechet distance
(FD), inception score (IS), and kullback-leibler (KL) divergence to evaluate the quality of generated
musical audio outputs. Frechet distance evaluates the audio quality by using an audio embedding
model to measure the similarity between the embedding space of generations and that of targets. In
this paper, we use two standard audio embedding models: VGGish [12] and PANN [20]. The resulting
distances we denote as F'D, 4y and F'Dpqny, respectively. Inception score measures the diversity
and the quality of the full set of audio outputs, while KL divergence is measured on individual pairs
of generated and groundtruth audio samples and averaged. We use the audioldm_eval library' to

We employ established quality metrics® that include FDopeniz [26],
KL,asst [27] and CLAPcore [10, 28]. A low FD,p,epni3 implies
that the generated audio is plausible and closely matches the refer-
ence [29, 8]. A low KL,qss¢ indicates semantic correspondence be-
tween the generated and the reference audio [8]. A high CLAPscore
denotes that the generated audio adheres to the given text prompt [10,
28]. We use two evaluation sets: AudioCaps Dataset [30] for sound
generation, and Song Describer Dataset [31] for music generation.
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Problem: Eval on Music Generative Al
Why are current Objective Metrics Imperfect?

FD (FAD): overall quality & distributional similarity (Set-level).
. . IS: intrinsic fidelity and diversity (Unpaired).
ObJeCtlve KLD: content consistency via paired comparisons (Instance-level).

CLAP Score: semantic alignment between text and audio (Instance-level).

Absence of Musicality & Structure Fail to capture temporal coherence, rhythm, and melody.
Perceptual Artifacts Statistical averages dilute metallic noises or unnatural glitches.
Semantic Nuance (CLAP) High alignment scores do not guarantee accurate mood or style.

Misalignment with Human Preference  Metric scores do not always correlate with human perception.

m Gold Standard: Indispensable for more accurate evaluation.
@Pla:'orm '&'{:.’,\.‘
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Problem: Human Eval on Music Generative Al
Why is the “Gold Standard” still failing us?

Inconsistent Lack of standardized questions or rating scales across papers.

3 A AN
S P P I
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Subi s Li . T V‘Q\\ & (,;’\s\ (,;\r(\ e Q:b(\
mbjcctive. Listening Lest 64.44+083 82.18+121 81.54+122
61.89+096 81.65+1.13  82.50+0.98 Ground truth -70
Quality? Relevance? Musicality? 72.87+0.93 83.94+199 80.28+1.06
SingSong-XL 60
2.02 1 50 2 33 Listening Test
1.98 2:17 2.19 (Ours) Real Data | SingSong-Base 50
zelative Transformer | RGN
— — — L0 Retrieval a0
2.04 2:21 2.01 Transformer [ ——
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Problem: Human Eval on Music Generative Al
Why is the “Gold Standard” still failing us?

Inconsistent Lack of standardized questions or rating scales across papers.

Unscalable Collecting high-quality human feedback is slow and costly.

musical. We recruited crowd workers on the Amazon Mechanical Turk platform to perform these tasks.
We paid workers $0.75 US dollars for each pairwise evaluation. Assuming that workers listen to each clip
twice—and spend an additional 40 seconds to make their decision and overhead fime between tasks—this
amounts to two minutes of time per task, or a $22.50 hourly rate. We pre-qualified workers for by asking
them to distinguish between five pairs of human compositions versus melodies accompanied by the random
retrieval baseline (described below for the accompaniment task).

between 3% and 16% of the total preferences (standard deviation of 5%). We paid annotators $0.40 USD per pair of audio
examples and the median time spent per pair was 68 seconds, equating to a wage of around $21 USD per hour. The total
cost of the data collection procedure was roughly $1200/USD.
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Problem: Human Eval on Music Generative Al
Why is the “Gold Standard” still failing us?

Inconsistent Lack of standardized questions or rating scales across papers.

Unscalable Collecting high-quality human feedback is slow and costly.

Unrealistic Controlled listening tests != Real-world music enjoyment.

Please use headphones in a quiet environment if possible.
You will be presented two recordings of computer-generated music. Please compare them in audio fidelity and musicality.
Fidelity: How clear is the audio? Does it sound like it's coming from a walkie-talkie (bad fidelity) or a studio-quality sound system (excellent fidelity)?

Musicality: How conventionally musical is the recording? Does it feel like a well-composed song (excellent musicality) or sound more abstract, noisy, or chaotic, with
minimal resemblance to typical music patterns (bad musicality).
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Inspiration: Success of Live Evaluation

Realistic: real queries, real users, real goals

What is a good Python library to start with for music information retrieval?

A great Python library to start with for Music Information
Retrieval (MIR) is Librosa.

Why Librosa?

Purpose-Built: Librosa is specifically designed for MIR
and audio signal processing in Python.

User-Friendly: It provides a clean, high-level API for
tasks like loading audio, computing spectrograms,
extracting features (e.g., MFCCs, chromagrams,
tempo), and pitch detection.

Well-Documented: Excellent documentation and

tutorials make it beginner-friendly.

Active Community: Widely used in academia and

It's a tie ®

Assistant B

Of course! This is a great question. The world of Music
Information Retrieval (MIR) in Python is vibrant, and

choosing the right starting point is key.

The undisputed best library to start with for Music
Information Retrieval (MIR) in Python is librosa .

Here's a detailed breakdown of why librosa is the top
choice, followed by other excellent libraries you should be

aware of as you progress.

1. The Top Recommendation: librosa
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Scalable (access ¥ preferences)
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Challenge: Adapting Live Evaluation to Music

Input Output
Chatbots Text —»[ Language Model ]—> Text
Homogenous
4 Text h
Text-to-music . P Instrumental-only
ext-to-mu Duration ----» Music Al Model ]
Heterogeneous | » - ===+ Audio w/ vocal(s)
_ Lyrics -~ D

All — Some --»
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Solution: Unified text input via LLM-based routing

Input Output

/{ Text —>[ModeIA]-> Instrumental-only

User prompt

“Math rock LLM

guitar riffs” \
{ Text

/ Duration -~
\{ Text —>[Mode| C]—> Audio w/ vocal(s)

» Instrumental-only
[ Model B }\
4 Audio w/ vocal(s)

Lo-fi beat WI:Eh
jazzy vocals

PPPPPP m ‘%"KL
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Solution: Unified text input via LLM-based routing

User prompt — Structured prompt w/ Content moderation

User prompt

Input Output

« . .
/{ Text 4>‘ Model A = Instrumental-only LO'fl beat Wlth

”Mlath rloclj LM ]aZZY VOX, ‘303
guitar riffs T \ = Iength, |yI’ICS I Want
E { ext . ) v Instrumental-only

. Model B you baby”’
“Lo-fi beat with /
jazzy vocals” '

Duration - "4 Audio w/ vocal(s)
\{ Text — ModeIC—» Audio w/ vocal(s)

User prompt

“Pop song about a

cat in the style of —

Taylor Swift”
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LLM

LLM

{

TTM Model Input
(Structured prompt)

“prompt”: “Lo-fi beat with jazzy vox”
“instrumental”: false,

“duration”: 30.0,

“lyrics”: “I want you baby”
“content”: “okay”

“content”: “Reference to real artist”
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Opportunity: Going beyond binary preferences

We collect ...

12

£ Thank you for voting! You voted for ¢ Riffusion FUZZ 1.0 in favor of & ACE-Step.
[ & Votes ]
\ ) Generate: d Music A . {3 Generated Music B
9 Listening e
Data
J
R What did like* about € Generated Music A (from Riff FUZZ 1.0)? What did you *dislike* about € Generated Music B (from ACE-Step)?
é; at did you *like* about € Generated Music A (from Riffusion .0)? at did you *dislike* about & Generated Music B (from -Step)?
) La n g u ag e The music quality was much higher overall, though the style wasn't quite what | asked for The music was lower quality and shorter, though | liked the lyrics.
Feedback
J
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Opportunity: Going beyond binary preferences

E.g., listening behavior differs greatly by track order.
Median listening time for first track 3x that of second

9 Listening T g
Data
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Opportunity: Going beyond binary preferences

Generation Quality
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Feedback

What did you *like* about ¢ Generated Music A (from Riffusion FUZZ 1.0)?

The music quality was much higher overall, though the style wasn't quite what | asked for

What did you *dislike* about é Generated Music B (from ACE-Step)?

The music was lower quality and shorter, though | liked the lyrics.
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Surfacing holistic considerations beyond preference

Instrumental Leaderboard
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Increasing trust, privacy, and transparency

Open source

Pseudonymization

[ Hash (ID + Secret Salt) ]

! v !

f9b5 e8a8 ac2b

Longitudinal analysis
User privacy

34 Music Arer

Music Arena
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