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Abstract

Generative music systems rely on audio-caption pairs linking musical sounds to natural-language
descriptions, yet openly licensed audio such as the Free Music Archive lacks these paired descriptions.
This limits researchers’ ability to build reproducible, openly redistributable datasets for generative
music research. Games with a purpose (GWAP) could close this gap, but prior music GWAPs
lacked an audience on their dedicated sites. We deploy a GWAP filter inside TikTok Effect House,
whose algorithmic feed reaches 1.12 billion daily users. A ten-second filter rewards speech and
keyword matches over 42 bundled FMA clips; an offline pipeline (separation, ASR, taxonomy parsing,
ensemble matching) recovers transcripts and clip identities from posted videos, with full recovery
on 25 author-recorded videos. There was no organic traction, and 116 outreach attempts produced
zero published videos. We report this as a negative case study of platform choice: Effect House
constrains game design, while algorithmic distribution cannot be reliably triggered through direct
outreach, leaving the cold-start problem unresolved.

1 INTRODUCTION

Open-source generative music Al models need training
pairs of audio and natural-language descriptions. The Free
Music Archive (FMA) (Defferrard et al., 2017) covers tens
of thousands of permissively licensed tracks researchers
can freely redistribute for this purpose, but its annotations
frequently stop at coarse genre tags and release-level meta-
data. The intersection of open-licensed music and the
natural-language descriptions a modern captioning or text-
to-music system consumes is therefore thin. This limits
researchers’ ability to build reproducible, openly redis-
tributable datasets for training and evaluating generative
music systems. More broadly, in the context of genera-
tive music, audio-caption pairs shape the language through
which music can be described and created. The vocabu-
lary in these pairs influences what users can ask models to
generate and, in turn, which musical concepts models can
represent. The resulting annotation problem is therefore
not only how to collect labels, but how to obtain natural-
language descriptions of music at sufficient scale and un-
der conditions that preserve their usefulness for AI-music
research. We test this problem through a Game with a
purpose (GWAP) deployed in TikTok Effect House: the
question is whether a platform that already has a large au-
dience can turn participation into the audio-language pairs
that open generative-music research requires.

GWAPs (von Ahn, 2006; von Ahn and Dabbish, 2004)
have long been proposed as a cheaper alternative to expert
annotation, and a string of music-specific GWAPs, includ-
ing TagATune (Law et al., 2007), MajorMiner (Mandel and
Ellis, 2007), the listen-game family (Turnbull et al., 2008),
HerdlIt (Barrington et al., 2009, 2012), MagnaTagATune
(Law et al., 2009), Hooked (Burgoyne et al., 2013), and
Emotify (Aljanaki et al., 2016), have demonstrated that
non-expert players produce reusable music annotations
when the task is wrapped inside enjoyable gameplay. None
of these games has reached the scale its design assumed,

however, because the deployments lived on dedicated web
sites or social platforms that carried their own cold-start
distribution problem: players had to be recruited to the site,
and recruiting the crowd was the bottleneck.

The bet behind this work is that the mechanic is sound
and the venue has been the constraint. TikTok carries
roughly 1.9 billion monthly and 1.12 billion daily active
users (Backlinko, 2026) and exposes a native runtime for
short interactive mini-games through TikTok Effect House.
A new effect can theoretically be surfaced to that audience
by the recommendation system without prior follower vol-
ume. Running a GWAP music-description mechanic inside
an Effect House filter is a test of whether a platform that
already has the crowd can convert the GWAP idea into the
dataset volume open-source music research needs, at a cost
an academic project can afford.

A filter was built as a ten-second mini-game. The player
taps to start, a clip drawn at random from a bundled library
of 42 FMA tracks plays back, and the player describes
aloud what they hear; on-device scoring rewards detected
speech and matches against a curated keyword list of gen-
res, instruments, and moods. The filter cannot log sessions
directly, so annotations are recovered after the fact from
the public videos players post, through an offline pipeline
that separates speech from music with Demucs (Défos-
sez et al., 2019), transcribes the speech stem through a
cloud automatic speech recognition (ASR) service, parses
the transcript against a music-descriptor taxonomy, and
identifies which of the 42 clips played using an ensemble
of MFCC and chroma features under dynamic time warp-
ing (DTW) and a Shazam-style constellation fingerprint
(Wang, 2003). Section 3 describes the filter and Section 4
describes the recovery pipeline.

The pipeline handled every song that was tested. On 25
example videos recorded by 3 distinct speakers, source
separation and ASR produced coherent transcripts and the
matcher recovered the played clip on every video. The pro-



cessing side is ready for input. TikTok did not supply that
input. Following a failure to gain organic traction, a com-
bined outreach campaign of 116 attempts, comprising 14
TikTok One marketplace pitches and 102 direct messages
to creators using comparable interactive filters, produced
zero usable published videos. The filter reached no organic
audience.

The paper documents the working pipeline end to end,
from a published Effect House filter to per-clip structured
annotations; the pipeline handles mobile short-video audio
without intermediate cleanup. The 0-of-116 outreach result
is reported as a negative case study: under the conditions
tested, our filter did not overcome the recruitment bottle-
neck faced by dedicated GWAP platforms. This result does
not establish that platform-based GWAPs cannot work in
general, but indicates that this approach on TikTok Effect
House is unlikely to provide annotation at scale. Discord,
which exposes a first-class developer SDK for embedded
interactive games (Discord, 2026) and centres user activity
on opt-in communities rather than an algorithmic feed, is
named as the next venue to test.

2 RELATED WORK

Four strands of prior work inform the design and the eval-
uation of this filter: games with a purpose for music and
audio annotation, source separation and speech recognition
for noisy mobile audio, audio fingerprinting and matching,
and music tagging and captioning corpora that this kind of
GWAP is meant to create.

2.1 Games With A Purpose for Music and Audio
Annotation

The games-with-a-purpose (GWAP) paradigm was intro-
duced by von Ahn and colleagues (von Ahn and Dabbish,
2004; von Ahn, 2006) as a design pattern in which human
computation is embedded inside enjoyable gameplay so
that players generate labelled data as a byproduct of a game
they would play anyway. The ESP Game (von Ahn and
Dabbish, 2004) demonstrated the design on image labelling
at web scale and articulated the output-agreement template
that subsequent music GWAPs adopted.

A line of music GWAPs followed: TagATune, Mag-
naTagATune, MajorMiner, the listen-game family, HerdlIt,
Hooked, and Emotify (Law et al., 2007, 2009; Mandel
and Ellis, 2007; Turnbull et al., 2008; Barrington et al.,
2009, 2012; Burgoyne et al., 2013; Aljanaki et al., 2016).
They shared a basic shape (short clips with free-form or
constrained tags, rewards tied to inter-rater agreement) and
a basic limitation: each had to recruit its own audience on
a dedicated web page or social plugin. Player recruitment
was the rate-limiting step.

A more recent line of work has begun moving the GWAP
onto a major social platform. Polyphonic (Martelaro et al.,
2021) ran a Twitch-based audio GWAP whose game con-
sumed sound contributions inside a streamer’s existing
community, and reported 212 validated sounds across 41
categories from three of four field-tested streamers; the
platform was the venue for sustained interactive gameplay,
while the streamer brought the audience. The experiment
did not test what happens when the streamer-host is re-
moved.

The TikTok filter in Section 3 extends the GWAP idea
with a single-player, asynchronous, spoken-description me-

chanic, deployed inside a short-video platform that already
has an audience but no streamer-host. The motivation is
the same gap these earlier games set out to close: openly li-
censed music such as FMA is available in volume but is not
paired with the natural-language descriptions open-source
captioning or text-to-music models need.

A complementary line of work studies crowdsourced audio
annotation outside the GWAP tradition. FSD50K (Fonseca
et al., 2020) is an openly licensed corpus of more than
fifty thousand Freesound clips labelled across two hundred
sound-event classes through iterative validation rounds
with per-class agreement metrics. FSD50K is the operating
point a mature crowdsourced pipeline aims for; this case
study, with its small validation set, is far from that scale
and is cited as the eventual target rather than a present
comparator.

2.2 Source Separation and Speech Recognition for
Noisy Audio

Recovering a player’s spoken description requires sepa-
rating speech from the filter’s music playback, since both
are captured through the same device microphone. The
pipeline in Section 4 uses the Hybrid Transformer Demucs
variant from the Demucs toolkit lineage (Défossez et al.,
2019); the cited paper is the originating waveform-domain
architecture rather than the specific weights deployed here.
Speech transcription on the separated voice stem is per-
formed by Deepgram Nova-2, a commercial cloud auto-
matic speech recognition (ASR) service. Deepgram is one
of several large-scale weakly supervised cloud recognisers
in the same general class as Whisper (Radford et al., 2022);
the analogy is approximate, since Deepgram’s training cor-
pus is not public, and the analogy is named here only to
locate the technology, not to claim a controlled comparison.
Whisper is included as a fallback path inside the pipeline.

2.3 Audio Fingerprinting and Matching

Identifying which of the 42 bundled clips a player heard
is a closed-set retrieval problem against short, compressed
speaker-microphone queries. The reference design is
the constellation fingerprint of Wang (2003), in which
each track is represented by combinatorially hashed pairs
of spectrogram peaks and matching proceeds through
constant-time hash lookups followed by a time-offset his-
togram consistency check. The approach tolerates additive
noise and lossy compression, but it assumes the query is
a near-copy of the reference, which breaks under pitch
shifts and under overlaid speech. The pipeline therefore
pairs the fingerprint matcher with a feature-based branch
that compares Mel-frequency cepstral coefficients (MFCC)
and chroma features under dynamic time warping (DTW).
DTW absorbs small local timing deviations the fingerprint
cannot.

2.4 Music Tagging and Captioning Models

The clip library bundled into the filter is drawn from the
Free Music Archive (FMA) (Defferrard et al., 2017), whose
permissive terms support academic and derivative use.
FMA is a common reference corpus for music-analysis
work that needs to avoid commercial licensing constraints,
which is why it is also a natural training resource for open-
source captioning and text-to-music systems. Its annotation
layer stops at coarse genre tags and release-level metadata,
and that gap is what filter-collected descriptions are meant
to fill.
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Figure 1: Two states of a filter session. (a) During the
ten-second countdown, the player is prompted to “De-
scribe the song to get points! The more creative, the better.”
while a randomly drawn FMA clip plays through the phone
speaker. The on-device scoring rule awards +3 points for
any detected speech utterance and 410 points each time
the player’s speech matches a term in a curated keyword
taxonomy of genres, instruments, and moods. (b) At count-
down expiry, an animated meter reveals a final creativity
score on a 0 to 100 scale, mapped onto five expressive
icons. Faces and caption text are blurred for anonymity.

Recent work shows the demand side of this loop. Pons
et al. (2018) reported that end-to-end music-tagging accu-
racy scales with labelled corpus size on a 1.2-million-track
proprietary corpus, motivating open-data investment for
reproducible work. MusCaps (Manco et al., 2021) trained
an encoder-decoder for free-form music captioning and
showed that natural-language descriptions recover instru-
mentation and mood cues that closed tag vocabularies miss.
MuLan (Huang et al., 2022) pushed further with a con-
trastive two-tower model on roughly 44 million weakly
aligned music-text pairs and demonstrated zero-shot tag-
ging without per-task fine-tuning, but its weights and cor-
pus are not publicly released. Reproducible alternatives in
this space need open-licensed audio paired with natural-
language descriptions, which is precisely what a TikTok-
bundled FMA library run through the filter pipeline would
produce. The 25-song validation in Section 5 demonstrates
that the pipeline can manufacture such pairs end to end; the
missing piece is volume, which Section 6 argues TikTok
cannot supply for this kind of filter.

3 FILTER DESIGN

The data-collection surface is a TikTok Effect House filter
that runs as a short mini-game inside the TikTok camera.
The filter was authored in Effect House version 5.1.1, pub-
lished roughly one week after final edits once it cleared
TikTok’s standard review pipeline, and has remained live
in that form since. The compiled project contains 64 logic
layers and ten audio-related assets, with additional song
clips delivered through a referenced asset library. Figure 1
shows two states from a session.

3.1 Why the Filter Exists

The filter is a games-with-a-purpose (GWAP) instrument
for expanding the natural-language annotation coverage
of openly licensed music (von Ahn, 2006). Open-source
captioning and text-to-music models train on audio the
developers can redistribute, and the Free Music Archive
(FMA) (Defferrard et al., 2017) is one of the larger pools
that meets that constraint; FMA ships with genre tags
and release metadata, which leaves the descriptive layer
modern audio-language models consume unfilled. The
filter is the GWAP idea re-cast as a short-video effect, on
the bet that TikTok’s recommendation system can supply
the audience that the dedicated-site GWAPs surveyed in
Section 2 struggled to attract.

3.2 Game Mechanics

Gameplay is a ten-second creativity challenge. On tap-to-
start a countdown begins and one clip is drawn at random
from the bundled library of 42 short songs. The clip plays
back through the phone speaker while the player speaks
into the device microphone. Two scoring rules run live
on-device: any detected spoken input scores +3 points,
and each match against a curated keyword list scores +10
points (Figure 1a). When the countdown expires, an ani-
mated meter reveals a creativity score on a 0 to 100 scale
(Figure 1b).

The spoken output is what the downstream pipeline har-
vests. The score is a proxy for engagement and is not
a proxy for annotation quality. No ground-truth label is
available on-device, so the keyword-hit rule is the only
mechanism that nudges the player toward music vocabu-
lary during the session itself.

3.3 Keyword Taxonomy

The on-device keyword list is small by design, because
Effect House runs it as a set of string-match nodes in the
visual graph and offers no learned-classifier surface that
could absorb a wider vocabulary. After plumbing strings
are stripped, 17 distinct keyword terms remain, organised
into three categories: ten genre terms, four instrument
terms, and three mood terms. These counts are game-
play parameters; the dataset annotations come from the
cloud-ASR transcript parsed against the richer downstream
taxonomy in Section 4, not from the in-game keyword list.
The two remaining slots in the seed ontology, geography-
and-culture and an other catch-all, hold no terms in this
release of the filter.

Each keyword is paired with a phonetic alternate that is
close in sound but different in spelling, such as Ambi-
ent/ambien, Electronic/Electro, Pop/pope, Hip-hop/hiphop,
Rock/Rack, Bass/Base, Beat/bit, Funky/Fun, and a stan-
dalone Emotional. The alternates exist because on-device
automatic speech recognition (ASR) is lower in fidelity
than cloud ASR: many players say rock but the on-device
recogniser transcribes rack, so both strings trigger the +10
reward. This avoids punishing players for recogniser er-
rors outside their control. The richer taxonomy used for
downstream transcript analysis is discussed in Section 4.

The narrow vocabulary is a deliberate trade-off given the
platform constraints below: a broader list would inflate
false positives on common English words inside long ut-
terances, and Effect House’s visual-graph string-matching
surface does not support a learned classifier that could
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Figure 2: Four-stage pipeline that recovers a spoken de-
scription and an assigned bundled clip from each TikTok
video, with the shared ingestion and separation stages feed-
ing two parallel branches of equal depth that converge into
a single output record.

resolve the ambiguity. The transcript itself, parsed down-
stream against a richer taxonomy, is what feeds the dataset.

3.4 Platform Constraints

Effect House imposes constraints that shape the filter, each
documented in TikTok’s developer guidance (TikTok Ef-
fect House, 2026). The platform caps the total bundled-
asset size of a single filter at 8 MB and offers no live
connection to an external audio database, so the clip library
was restricted to 42 songs, each heavily downsampled and
trimmed to fit within the cap. The on-device ASR surface
is limited and non-configurable, with no language model
or vocabulary biasing, which forces the phonetic-alternate
design above. The filter cannot call out to a logging end-
point, so the only record of a session is the TikTok video
the player chooses to post publicly, recovered later through
TikTok’s built-in share-and-download path. Finally, Effect
House’s scripting surface is a visual node graph with no
general-purpose programming substrate, which rules out
richer interactions such as multi-turn description or per-
clip difficulty curves. An implementation walkthrough of
the patterns used to live within these constraints is given in
Appendix C.

The filter’s audio clips are drawn from the Free Music
Archive (FMA) (Defferrard et al., 2017). FMA was se-
lected because its tracks are openly licensed and because
the motivation of this work is to expand the annotated sur-
face of open-source, royalty-free music for open-model
developers. No part of the pipeline targets a proprietary
training corpus.

4 PIPELINE

The filter cannot log sessions directly (Section 3), so the
labelling signal is recovered after the fact from public
TikTok videos that players post. The recovery pipeline has
four sequential stages, shown in Figure 2. The pipeline is
supporting evidence that the processing side handles what
arrives; the contribution of this paper sits in Section 6.

Video ingestion downloads each public TikTok video
through the platform’s built-in share path and extracts a
16 kHz mono audio track. The sample rate matches the
downstream automatic speech recognition (ASR) service

and retains enough bandwidth in the music stem for feature-
based matching.

Source separation splits the extracted track into a player-
voice stem and a residual music stem; the phone speaker
plays the clip while the microphone captures the player’s
description, so the raw audio mixes the two. We use the
Demucs htdemucs variant (Défossez et al., 2019). When
the player records in a noisy environment or speaks over
percussive sections of the clip, the separator leaks speech
energy into the music stem and vice versa, and that leakage
causes downstream transcription and matching errors.

Transcription converts the voice stem to text using the
Deepgram Nova-2 prerecorded ASR service, with Whisper
retained as an offline fallback. A parser then scans the
transcript for tokens from the reference music taxonomy,
which covers genre, instrumentation, mood or texture, and
cultural or geographic descriptors.

Song matching binds the residual music stem to one of the
42 bundled clips. This is a closed-set retrieval problem
with strong audio degradation from the phone speaker-
microphone chain, platform compression, and source sepa-
ration. The pipeline runs an ensemble of two complemen-
tary matchers. A feature branch uses Mel-frequency cep-
stral coefficients (MFCC) for timbral colouring and chroma
for harmonic content, both under dynamic time warping
(DTW). A fingerprint branch follows the spectrogram-
landmark construction of Wang (2003): pairs of nearby
time-frequency peaks are hashed, and consistent matches
are counted against a precomputed reference index. A
guarded weighted vote combines the two branches. For
each input video the pipeline writes one record per clip
containing the assigned song identifier with its combined
matcher confidence, the transcript, and the parsed taxon-
omy tags.

4.1 Parameter Choices and Scope of Validation

The matcher weights and thresholds were chosen heuris-
tically from pilot listening tests during development; they
were not tuned against a held-out set. In the feature
branch, the combined DTW score weights MFCC at 0.6
and chroma at 0.4, because chroma is more fragile on
compressed speaker-microphone audio. When the primary
branch’s top-match confidence falls below a guard thresh-
old of 0.85, the fingerprint branch is consulted and the
two branches enter a 0.5 and 0.5 weighted vote. A full
statistical ablation that attempts to partition the accuracy
figure into per-branch contributions is not run at the current
sample size; 25 songs are below the count at which such a
partition can be distinguished from noise.

5 EVALUATION

The evaluation has two parts. The pipeline is validated end
to end on 25 example videos to confirm that the technology
side is ready for input, and the distribution effort is reported
as a 116-attempt outreach campaign that produced zero
published videos.

5.1 Pipeline Validation

The pipeline was run end to end on 25 example videos
recorded by 3 distinct speakers using the published fil-
ter. Each video was a single ten-second session. For ev-
ery video, the authors compared the recovered transcript
against the original recording and confirmed that the tran-



script reflected what was actually said, and confirmed that
the matcher’s top-1 song identification corresponded to the
FMA clip the filter had played.

Transcription. Automatic speech recognition (ASR) pro-
duced a transcript for each of the 25 inputs with zero
pipeline failures. All 25 outputs were classified as coherent,
meaning the recognised tokens formed interpretable mu-
sic descriptors suitable for downstream natural-language
processing. Transcript length ranged from 3 to 16 words,
consistent with the ten-second open-ended description me-
chanic. Representative outputs include “Chinese strings,
melancholic.”, “Emotional guitar, sweets, high school
movie.”, and “This is giving, like, radio head slash the
Smith vibes kind of cute.”. Some are terse genre-plus-
mood pairs; others are longer, reference-laden lines.

Audio matching. The audio matcher was tasked with
identifying, for each video, which of the 42 clips bundled
into the filter had been played. Top-1 accuracy was 25 of 25
on author-recorded, author-verified videos, with the played
clip recovered correctly on every video despite the fact
that the matcher’s confidence values were uniformly low in
absolute terms, capping at 0.44. The conservative scoring
is consistent with accurate top-1 selection over a small
closed set of 42 clips. The figure cannot be generalised to
the full 42-clip library or to conditions outside the filter
environment.

5.2 Outreach and Distribution

After initial publication of the filter did not reach organic
traction, the authors began with direct distribution strate-
gies. The distribution effort ran as a single case-study cam-
paign with no controlled comparator. Fourteen creators
with relation to music content were pitched through the
TikTok One creator marketplace and none accepted. A sub-
sequent direct-messaging campaign sent 102 messages and
received 12 responses, a response rate of 11.76%. Three
of the twelve responders requested payments above $100,
which was outside the available budget; the remaining re-
sponses did not convert. The conversion rate across both
channels was 0%, across 0 of 116 total outreach attempts.

The evaluation’s headline is therefore distributional: Tik-
Tok did not deliver a usable audience for this GWAP. Sec-
tion 6 unpacks the structural factors behind the 0-of-116
figure.

5.3 Threats to Internal Validity

The 25-0f-25 top-1 accuracy figure should be read against
three threats that the small validation regime cannot fully
rule out. The ground-truth protocol is not blinded: the au-
thors verified each transcript and each top-1 match against
the original recordings, so a reviewer should treat the figure
as author-verified, with blinded third-party re-verification
outside this study’s scope. The matcher weights and the
guarded-vote threshold were selected during development
with author listening feedback; the reported accuracy is
therefore a joint property of the full ensemble rather than a
per-branch estimate. The 25-video sample is also too small
to support any population-level claim about pipeline accu-
racy, so the figure indicates that transcription and matching
are not the failure mode without supporting a stable accu-
racy estimate.

6 DISCUSSION

This case study addresses a practical problem in open-
source music research: producing audio paired with
natural-language descriptions at scale. Open-source cap-
tioning and text-to-music models need such pairs, and the
Free Music Archive (FMA)(Defferrard et al., 2017) pro-
vides a large pool of openly licensed audio but not the
descriptive layer these models consume. The games-with-
a-purpose paradigm (von Ahn, 2006; von Ahn and Dabbish,
2004; Law et al., 2007; Mandel and Ellis, 2007; Barrington
et al., 2009, 2012; Burgoyne et al., 2013; Aljanaki et al.,
2016) is the mechanism this paper tests for filling that layer.
The narrow question is whether TikTok is the right venue
for a GWAP of this shape, and the answer reported here is
that it is not.

6.1 Why TikTok Did Not Work for This GWAP

The 0-of-116 outreach result is the headline. The more
useful contribution is the structural reason behind it. Three
factors interact, and each points at a property of TikTok or
its Effect House runtime, not the pipeline.

The first is the set of design constraints imposed by Ef-
fect House (TikTok Effect House, 2026). The 8 MB asset
cap forces the clip library to roughly 42 short downsam-
pled songs per published filter, which limits per-player
variety as the surprise of the random draw decays. The
visual-graph scripting surface offers no learned-classifier
substrate, so the in-game reward is restricted to keyword
string matching against 17 terms; richer mechanics like
multi-turn description or per-clip difficulty are not imple-
mentable. The on-device ASR surface is non-configurable,
which is why the keyword list ships with phonetic alter-
nates instead of vocabulary biasing. These constraints
together produce a thin game loop, and a thin loop is a hard
sell on a platform whose median session is built around
face effects rather than spoken description.

The second is the social ask. Speaking aloud on a public
recording is heavier than being transformed by a silent
face effect, and it inherits the social friction of recorded
speech on a public feed. The interaction also rewards
verbal creativity, which is a posture few users will perform
on camera in front of an algorithmic audience.

The third is virality. Short-form recommendation systems
are stochastic for new effects without prior follower mass
or trend attachment, and the TikTok One marketplace is
gated on creator economics that this project’s per-post bud-
get could not match: three of twelve responders quoted
asks above $100, outside the available budget. The project
posted from accounts with no prior follower base or trend
signal, removing the largest lever short-form video offers
a new effect; TikTok’s recommender weights existing en-
gagement and trend attachment when deciding what to
surface.

No controlled comparison was run, and the evaluation does
not attribute the 0-of-116 figure to any one factor in iso-
lation. Together, these conditions constrained what could
be tested within the deployed Effect House configuration:
the asset cap and scripting surface constrained the game,
the social ask was a property of the chosen mechanic, and
virality depended on conditions outside the study’s con-
trol. The TikTok One ask prices encountered in outreach
also provide a small but relevant signal about the labor
involved in collecting music descriptions: three creators
quoted more than the project could afford for a single post.



Although these quotes cannot establish a market rate, they
illustrate that annotation is not a free byproduct of a game
when participation must compete for attention on a com-
mercial platform. This matters for open generative-music
research, where acquiring natural-language descriptions
at scale entails a labor cost that is often obscured by the
dataset itself (Martelaro et al., 2021). The case study can-
not rule out a hypothetical filter that succeeded under a
different design or with a paid-creator partnership inside
the recommender’s trust envelope.

6.2 Why the Pipeline Worked

The pipeline side handled what it received. On every input
video, Demucs-family source separation (Défossez et al.,
2019) split player speech from the bundled clip, cloud ASR
produced a coherent transcript, and the ensemble matcher
recovered the played clip under author verification. Con-
fidence values capped at 0.44, but over a closed set of 42
clips top-1 ranking holds well below the absolute confi-
dence levels the matcher emits. These numbers place the
failure outside the pipeline; they are supporting evidence
for the distributional finding.

6.3 Discord as the Remaining Alternative

Polyphonic’s success on Twitch was conditional on a re-
cruited streamer-host whose community supplied the au-
dience and whose voice prompted contributions live. The
TikTok experiment reported here substituted an algorithmic
feed for that host, and the result was negative. We there-
fore do not claim that algorithmic-platform GWAPs fail
generally; rather, this case suggests that algorithmic reach
alone is insufficient to overcome the recruitment bottleneck
under the conditions tested here. The next venue we pro-
pose to test is one that retains the host-supplies-community
property without requiring per-streamer recruitment. Dis-
cord fits, and Polyphonic itself names it: in their discussion
of small-streamer dynamics, the authors observe that a Dis-
cord or another dedicated out-of-stream space is where
ongoing community interaction lives when the live stream
alone cannot support it (Martelaro et al., 2021).

The mechanic deployed in this paper translates onto Dis-
cord without the constraints that bound it on TikTok. Dis-
cord’s Embedded App SDK exposes a programmable
iframe surface inside voice channels, text channels, and
direct messages; Activities are full HTMLS5 web applica-
tions, with the platform handling authentication and pres-
ence (Discord, 2026). Clip libraries can sit on a developer-
controlled origin and need not fit inside an 8 MB asset bun-
dle. Scoring can run server-side against a wider vocabulary
than the 17-term keyword list a visual-graph node tree can
express. The recruitment surface is opt-in music-oriented
servers whose members have already declared an interest
in the topic. These properties make Discord a plausible
next test, not a demonstrated solution. The open question
is whether community-mediated recruitment can generate
useful music descriptions at scale, and whether the result-
ing annotations are sufficiently consistent and descriptive
for use in open generative-music research. Twitch is not
named as a future recommendation: Polyphonic already
covered that platform under recruited-streamer conditions.

6.4 Alternative Designs Considered

Three alternative designs were weighed during develop-
ment. A constrained multiple-choice mechanic (tap to pick
from four genre terms) would have lowered cognitive cost

and removed the speak-aloud social ask, but would have
collapsed each session to a single categorical tag and lost
the multi-attribute description that recovered transcripts
already carry; example transcripts in Section 5 mention
genre, mood, era, and instrument inside a single ten-second
utterance.

A browser-based standalone GWAP would avoid TikTok’s
runtime constraints, at the cost of reintroducing the cold-
start distribution problem TikTok was supposed to solve.
A backbone-level swap inside the recovery pipeline, such
as a domain-adapted music-vocals separator or a far-field
music-aware recogniser that skips separation, is worth a
future pass and is out of scope at the current 25-video
sample. Appendix E gives the longer reasoning on each
option.

7 LIMITATIONS

The case study has limitations on both sides of the result,
recorded here so a reviewer can weigh the negative finding
against the conditions under which it was produced.

Single filter, single cold-start campaign. Only one Effect
House filter was built and only one outreach campaign was
run, distributed from accounts with no prior follower base,
no trend attachment, and no creator partnerships. Exist-
ing follower volume and recent trend signal are the two
largest levers TikTok’s recommender weights when surfac-
ing a new effect, so the case study tests the hardest setting
in which a filter has to earn organic reach from scratch.
The 0-of-116 result provides evidence against the simpler
hypothesis that any working GWAP filter on TikTok will
collect data; it does not rule out the possibility that a dif-
ferently designed filter, a more professionally produced
game, or coordination with an ongoing music trend could
perform differently. After the initial filter failed to gain
traction, the authors considered a second iteration based
on the alternative designs described in Appendix E. How-
ever, the fixed asset cap, limitations of the scripting surface,
absence of session logging, and absence of an agreement
mechanism would have remained unchanged. A second
campaign would therefore have tested a different design
under essentially the same platform constraints, without
resolving whether those constraints were responsible for
the lack of participation. We leave iterative redesign and
comparative testing to future work.

Game-design expertise. The authors are computational
researchers and independent musicians, not professional
short-form game designers. A more virality-engineered
design within Effect House’s bounds (different scoring
curves, sound design, prompt phrasing, panel pacing) could
plausibly have improved retention and shareability. The
case study cannot separate the contribution of design skill
from the contribution of platform constraints.

Annotation validity. The filter prompts players to “De-
scribe the song to get points! The more creative, the better.”
Creative descriptions are not necessarily accurate or useful
as music captions. Because the campaign produced no
participant data at scale, we could not evaluate the qual-
ity, consistency, or usefulness of the resulting descriptions.
Future deployments should compare prompting strategies
and assess caption quality and agreement across indepen-
dent participants before treating collected descriptions as
training data.



Effect House technical bottleneck. Section 6 argues the
Effect House runtime is the structural bottleneck, but that
is an inference from the observed pattern rather than a
controlled finding. A direct test would build the same
mechanic on a platform with a programmable runtime,
such as Discord Activities, and compare retention and
contribution volume side by side. However, Effect House
caps the clip library at about 42 short songs per published
filter through its 8 MB asset cap (TikTok Effect House,
2026); scaling to hundreds of tracks requires a platform
architecture change.

Sample size and ground truth. The pipeline was validated
on 25 example videos recorded by 3 distinct speakers. The
25-0f-25 transcript-coherence and top-1 matching figures
are reported as indicators that the pipeline is not the bottle-
neck; they do not support a population-level claim about
pipeline accuracy on arbitrary speakers, environments, or
recording conditions. A reviewer should treat the figures
as author-verified rather than held-out-verified, since the
authors assessed each transcript against the original record-
ing and each top-1 match against the played clip. A true
word error rate cannot be computed because ground-truth
transcripts were not collected at recording time; transcript
coherence is reported instead.

Licensing. The Free Music Archive licensing (Defferrard
et al., 2017) has not been independently audited for the
specific case of redistribution inside a TikTok filter. A
licence review is required before any dataset constructed
from filter-collected annotations is released publicly under
an open licence.

These limitations should be read jointly. A more engaging
filter design (Appendix E lists the alternatives weighed
during development) might collect richer tags than the
version reported here, but the cold-start exposure problem
on the algorithmic feed, the creator-marketplace economics
that bounded the paid channel and especially the platform’s
hard limits on game-design surface and clip volume would
likely keep even a well-engineered filter from producing a
curated music corpus on TikTok at scale.

8 CONCLUSION

This paper reports a negative case study that questions the
feasibility of TikTok as a games-with-a-purpose (GWAP)
distribution channel for crowdsourced open-license music
annotation on the Free Music Archive (FMA) (Defferrard
et al., 2017). A ten-second Effect House mini-game asked
players to describe a bundled clip aloud and rewarded de-
tected speech and on-device keyword matches against a
curated music vocabulary. A four-stage pipeline of source
separation, automatic speech recognition (ASR), taxonomy
parsing, and ensemble matching turned each posted video
into a structured per-clip annotation. The pipeline was
validated end to end on 25 videos recorded by 3 distinct
speakers, with all transcripts coherent and the played clip
recovered correctly on every video, so the processing side
is ready for input. The distribution side produced no us-
able videos to derive tags from: 116 outreach attempts
converted to zero published videos.

The structural cause behind the negative result lies in Tik-
Tok’s Effect House runtime. The platform caps a filter at
8 MB of bundled assets and roughly 42 short clips, exposes
only a visual-graph scripting surface for in-game logic,
and offers no learned-classifier surface for richer scoring
(TikTok Effect House, 2026). Those limits constrain the

GWAP design available inside Effect House, and the re-
sulting game did not overcome the organic-reach problem
under cold-start conditions. The case study cannot sepa-
rate platform constraints from imperfect game design or
unsponsored launch dynamics with a single filter and a sin-
gle campaign; however, the Effect House constraints were
fixed conditions of the deployment rather than variables
the study could manipulate.

The compiled Effect House project and recovery pipeline
are available from the authors upon request. The project in-
cludes the visual graph and bundled clip metadata; neither
artifact redistributes the FMA audio. The FMA licensing
terms have not been independently audited for redistri-
bution within a TikTok filter, so any derived annotation
dataset would require a separate licensing review before
public release.

Discord is the next venue to test. It exposes a first-class
developer SDK for embedded interactive games (Dis-
cord, 2026) and operates around opt-in communities rather
than algorithmic feeds. A Discord Activity removes the
constraints binding a TikTok filter (the 8 MB asset cap,
the visual-graph scripting surface, the cold-start expo-
sure problem) and recruits from music-oriented servers
whose members have already declared interest in the
topic. Polyphonic (Martelaro et al., 2021) demonstrated
the streaming-platform GWAP direction on Twitch under
recruited-streamer conditions; the open question is whether
community-mediated recruitment on Discord generalises
that result to a music-description mechanic without per-
streamer compensation. Two further follow-ups are needed
before a derived dataset can be released publicly: a ground-
truth transcript collection exercise to replace the coherence-
based proxy used in Section 5 with a true word error rate,
and a licensing audit of the bundled FMA clips against the
FMA terms as those terms apply to a TikTok-filter redistri-
bution case, so it is clear what can be shared under an open
licence for open-model research.
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APPENDIX
A BUNDLED SONG LIST

The 42 clips bundled into the filter are drawn from the Free
Music Archive (FMA) (Defferrard et al., 2017). Titles are
reproduced below in the order in which they are indexed in-
side the compiled filter. Four titles appear twice in the list;
these are not duplicate entries but two distinct ten-second
excerpts drawn from the same parent track, included to
give the player a second, non-identical slice of material
that the downstream matcher resolves as a separate clip
identifier.

B KEYWORD TAXONOMY REFERENCE

The on-device keyword list reduces to 17 distinct terms
after plumbing strings are stripped from the graph. The
distribution across the seed ontology is shown in Table 2.



# Title # Title # Title
1 A Weird Mechanism 15 Insideoutworld 29  Une Paquerette Pour Toi
2 Beach 16  Skysand 30  You Yourself and the Main Charac-
ter
3 Castle in the Cloud 17 Soundtrack 31  Christmas Lights
4 Childhood Scene 18  Standing 32 Creation Is Like That
5  Christmas Lights 19 Stay Quiet 33 Free To Use 13
6 Dans la messe sans le sang du christ 20  Stephen Katz 34 Frog in the Well
7  You Yourself and the Main Charac- 21  The Army of You 35 Ice Cream with You
ter
8  Disco Cat 22 The Call of the Polar Star 36 Inversions Part 2
9  Free To Use 9 23 The Evil Plan 37 Land of Comestible People
10 Frog in the Well 24 The Place That Never Get Old 38 Listening
11 Frozen Jungle 25  The Sickness 39  Lostin the City
12 Heimito 26 The Star of Bethlehem 40  Poupi, Great Adventures
13 INeed a Hero Figure, Main Charac- 27  This Is Happening 41  Saint Wave
ter Theme
14 Ice Cream with You 28  Tun’as pas de non 42 Shut Up the Mermaid Is Talking
Table 1: Bundled clip titles, indexed by their position in the compiled filter.
Category Count _ Examples C.2 Random clip selection in the visual node graph
Genre 10  Ambient, Electronic,
Pop, Hip-hop, Rock Effect House’s visual-graph scripting surface does not ex-
Instrument 4 Bass, Beat pose a general-purpose pseudo-random number generator.
Mood 3 Funky, Emotional The filter assembles a draw from system-clock state at ses-
Geography, culture 0 (none in this release) sion start and indexes that value against the 42-clip table.
Other 0  (none in this release)

Table 2: Keyword terms extracted from the Effect House
graph, grouped by seed category.

Each keyword is paired inside the graph with a phonetic
alternate that sounds close to the base term but differs in
spelling, for example Ambient paired with ambien, Pop
paired with pope, and Rock paired with Rack. The purpose
of the paired strings is to absorb systematic on-device
automatic speech recognition (ASR) substitutions so that a
correct player utterance still triggers the in-game reward.
The two empty categories are retained in the ontology as
placeholders for future releases. See Section 3 for the
in-game reward mechanic that consumes this list.

C FILTER IMPLEMENTATION NOTES

The compiled filter project uses Effect House version 5.1.1.
The exported graph contains 64 logic layers, and ten assets
in the project tree are audio-related (bundled clips and
associated metadata). The filter went live roughly one week
after final edits once it cleared TikTok’s standard review
pipeline, and has remained live in that form since. The
project source is available from the authors upon request
(see Section 8). The notes below cover the patterns the
filter uses to live within Effect House’s runtime constraints.

C.1 Asset budget under the 8 MB ceiling

Effect House caps the total bundled-asset size of a single
filter at 8 MB. The compiled project sits underneath that
cap with 42 ten-second clips drawn from FMA, downsam-
pled to a low-bitrate compressed audio format that the
platform accepts. Once the audio assets are in place, the
remaining budget covers textures, the project scene, lan-
guage packs, and the visual-graph definition. Adding more
clips inside a single published filter is not feasible without
a platform-level architecture change, since redistribution
from a developer-controlled origin is not available inside
the filter runtime.

The graph is structured to avoid replaying the same clip in-
side a single session, so a player who returns to the camera
within a session sees a fresh draw; cross-session memory
is not available, so the same clip can recur across separate
sessions on the same device.

C.3 Phonetic-alternate keyword design

On-device ASR systematically substitutes phonetically
similar tokens for the intended keywords (rack for rock,
ambien for ambient, pope for pop). The keyword list ships
with the most common substitutions paired alongside the
canonical tokens, so a correct player utterance still triggers
the +10 reward. The alternates were harvested empirically
during pilot runs; any future GWAP that scores on-device
against a vocabulary needs the same alias-engineering pass.

C.4 Publication-as-logging

The filter cannot call out to a logging endpoint. The only
record of a session is the public TikTok video the player
chooses to post, recovered after the fact through TikTok’s
built-in share-and-download path. This shapes both the
dataset throughput (sessions are bounded by the rate at
which players post) and the ethics protocol (every annota-
tion is also a public artefact, with the user’s own consent
under TikTok’s terms).

C.5 64-layer logic graph anatomy

The compiled visual graph contains 64 logic layers, organ-
ised around five functional groups: a countdown timer that
drives the ten-second session, audio playback against the
ten audio-related assets, an ASR listener with the keyword-
match string nodes, a score-animation block (the 0-to-100
meter at session end), and an end-screen layer that surfaces
the score. The project tree under Assets/ carries the au-
dio, textures, and main.scene; the Graph/ folder carries
the graph. json that defines the logic layers; Library/,
Record/, and Translations/ carry auxiliary assets.



D OUTREACH CAMPAIGN SUMMARY

Table 3 summarises the two outreach channels that were
attempted during the distribution phase of the project.

Channel Pitch. Resp. Conv. Notes
TikTok One 14 0 0 0 accepted
Direct messages 102 12 0 3 asks >$100

Table 3: Outreach by channel. “TikTok One” refers to the
TikTok One creator marketplace; “Direct messages” refers
to direct messaging creators behind comparable filters.

These numbers are reproduced from the outreach log and
are the same figures that support the outreach subsection of
Section 5. They are included here as a compact reference
for readers who want the per-channel breakdown in one
place, and they introduce no claims beyond those in the
main text.

E ALTERNATIVE DESIGNS CONSIDERED
(EXTENDED)

This appendix gives the longer reasoning behind the three
alternative designs named in Section 6.

E.1 Constrained multiple-choice mechanic (rejected)

A constrained mechanic was an early candidate: tap to
pick the best-fitting term from a small fixed set, for ex-
ample one of four genre terms, instead of speaking a free-
form description. Lower cognitive cost per session and
removal of the speak-aloud social ask are real advantages;
the constrained variant might plausibly improve virality
relative to the speech variant. The cost is descriptive resolu-
tion. Recovered transcripts in this work include “Chinese
strings, melancholic.”, “Emotional guitar, sweets, high
school movie.”, and “This is giving, like, radio head slash
the Smith vibes kind of cute.”. Those utterances carry
genre, mood, era, instrument, and cultural-reference cues
inside a single ten-second session. A four-option button
would have collapsed each session to a single categorical
tag; the open-source captioning and text-to-music systems
this work targets would lose most of the descriptive signal
a transcript carries.

E.2 Browser-based standalone GWAP (rejected)

Migrating the mechanic off TikTok into a browser-based
standalone GWAP was a second alternative. The target
there is a stand-alone page or citizen-science platform
where visitors describe short clips with no TikTok depen-
dency. The 0-of-116 outreach result is evidence TikTok’s
algorithmic recommender did not supply the audience the
project hoped for, so migrating off the platform is a plau-
sible response. A browser-based GWAP reintroduces the
cold-start distribution problem TikTok was supposed to
solve, however, since a stand-alone site lacks any organic
discovery mechanism. Discord, covered in Section 6, sits
between these two extremes: a developer-grade game sur-
face plus an audience anchored by community member-
ship.

E.3 Backbone-level swap inside the recovery pipeline
(deferred)

A backbone-level swap inside the recovery pipeline is
worth a future pass. Replacing the Hybrid Transformer
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Demucs variant with a domain-adapted music-vocals sepa-
rator, or skipping separation in favour of a far-field music-
aware recogniser, are both plausible variants. Both experi-
ments are out of scope for the current data; the pipeline ran
a single backbone configuration on the 25-video validation
set and a backbone comparison would need a larger sample
to support per-variant inference.
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