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This document provides detailed information about the licenses of each data collection and its
constituent datasets, and cites all of the papers (455 in all) which introduced datasets we consider.
Text datasets are laid out in Table 1, audio datasets in Table 2, and video datasets in Table 3.

Table 1: References and licenses for alignment-tuning (text) dataset
collections presented in this paper. Collections containing material under more
than three distinct licenses are marked as having “Various” licenses, and we refer
readers to our raw data for the full details. Datasets are sorted alphabetically
for ease of dataset lookup.

Collection Licenses Cite

10k Prompt Ranked Unspecified –
AgentInstruct Unspecified, CC BY 4.0, MIT

License
[1]–[5]

Aya Apache License 2.0 [6]
Bactrian-X CC BY-SA 3.0, CC BY-NC 4.0 [7]
COBRA Frames BigScience OpenRAIL-M [8]
COIG Various [9], [10]
Capybara Various –
ChatDoctor Unspecified [11]
ChatbotArena CC BY 4.0, CC BY-NC 4.0 [12]
Cidar CC BY-NC 4.0 [13]
CollectiveCognition MIT License –
Conifer Apache License 2.0 [14]
Deita 10K Apache License 2.0, CC BY-

NC 4.0
[15]

DialogStudio Various [16]–[85]
Dynosaur Various [35], [39], [42], [48], [53], [54],

[61], [70], [78], [81], [84], [86]–
[236]

EverythingLM MIT License –
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Table 1: References and licenses for alignment-tuning (text) dataset
collections presented in this paper. Collections containing material under more
than three distinct licenses are marked as having “Various” licenses, and we refer
readers to our raw data for the full details. Datasets are sorted alphabetically
for ease of dataset lookup.

Collection Licenses Cite

ExpertQA MIT License [237]
Feedback Coll. MIT License [238]
Glaive Code Asst. Apache License 2.0 –
Gretel Text-to-SQL Apache License 2.0 –
HelpSteer CC BY 4.0 [239]
Indic-Instr. Various [240]
InstAr Various [241]–[256]
KIWI CC BY-SA 4.0 [257]
LMSYS-Chat-1M LMSYS-Chat-1M Dataset Li-

cense, Anthropic, Llama 2
[258]

Llama2-MedTuned-Instr. CC BY-NC 4.0 [259]
LongAlign-10k Anthropic, Apache License 2.0 [260]
Magpie-Pro Meta Llama3 Community Li-

cense
[261]

MathDial CC BY-SA 4.0, MIT License [262]
MathInstr. MIT License [263]
MedInstr. Unspecified [264]
Medical Meadow Various [265]–[268]
MegaWika CC BY-SA 4.0 [269]
MetaMathQA MIT License [270]
Nectar Various –
No Robots CC BY-NC 4.0 –
Open Asst. v2 Apache License 2.0 [271]
Open-Platypus Various [272]–[278]
OpenGPT Healthcare Unspecified, OGL 3.0 –
OpenMathInstr.-1 Custom, MIT License, Apache

License 2.0
[279]

Orca-Math Various [280]
PII-Masking-200k Non Commercial –
PMC-LLaMA Instr. Unspecified, Apache License

2.0
[147], [281]

Pure-Dove Apache License 2.0 –
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Table 1: References and licenses for alignment-tuning (text) dataset
collections presented in this paper. Collections containing material under more
than three distinct licenses are marked as having “Various” licenses, and we refer
readers to our raw data for the full details. Datasets are sorted alphabetically
for ease of dataset lookup.

Collection Licenses Cite

PygmalionAI-PIPPA Apache License 2.0 [282]
Reasoning Apache License 2.0 –
RiddleSense MIT License [283]
SeaBench Apache License 2.0 [284]
SelFee MIT License [285]
Synth.-GSM8K-Refl. Meta Llama3 Community Li-

cense
–

Thai Gen AI Various –
UltraChat-200k CC BY-NC 4.0 [286]
UltraFeedback Argilla Various –
WildChat AI2 ImpACT License - Low

Risk
[287]
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Table 2: References and licenses for audio dataset collections presented
in this paper. Collections containing material under more than three distinct
licenses are marked as having “Various” licenses, and we refer readers to our raw
data for the full details. Datasets are sorted alphabetically for ease of dataset
lookup.

Collection Licenses Cite

1111 Hours Hindi Custom [288]
120h Spanish Speech CC0 1.0 –
AFRISPEECH-200 CC BY-NC-SA 4.0 [289]
AISHELL-1 Apache 2.0 [290]
AISHELL-2 Unspecified [291]
AISHELL-4 CC BY-SA 4.0 [292]
ALLSSTAR CC BY 4.0 [293]
AMI CC BY 4.0 [294]
Aalto Finnish Parl. Custom [295]
African Acc. French Apache 2.0 –
Basq., Cat. and Gal. CC BY-SA 4.0 [296]
Bloom Speech Various [297]
Bud500 Apache 2.0, CC BY-NC-SA 4.0 –
CSJ Custom [298]
CSLU 1.2 CSLU Agreement [299]
CSLU 22 Langs. CSLU Agreement [300]
ClarinPL CC BY 4.0 [301]
CoNASE Custom [302]
CoVoST-2 CC0 1.0 [303]
Common Voice 17 CC0 1.0 [304]
Crowd Sourced Speech CC BY-SA 4.0 [305]
Czech Parliament CC BY 4.0 [306]
DiDiSpeech Unspecified [307]
Earnings-22 Unspecified [308]
EdAcc CC BY-SA 4.0 [309]
Eng. Acc. in Brit. Isles CC BY-SA 4.0 [310]
English-Vietnamese CC BY-NC-ND 4.0 [311]
FT SPEECH Custom [312]
Fisher LDC User Agreement [313]
Fleurs CC BY 4.0 [314]
GigaSpeech Apache 2.0 [315]
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Table 2: References and licenses for audio dataset collections presented
in this paper. Collections containing material under more than three distinct
licenses are marked as having “Various” licenses, and we refer readers to our raw
data for the full details. Datasets are sorted alphabetically for ease of dataset
lookup.

Collection Licenses Cite

Golos Custom [316]
Hebrew Coursera Unspecified –
Hebrew Kan Unspecified –
Highland Puebla Nahuatl CC BY-NC-SA 3.0 [317]
JTUBESPEECH Unspecified [318]
Japanese Anime Speech CC0 1.0 –
KSC CC BY 4.0 [319]
Kathbath CC0 1.0 [320]
KeSpeech Custom [321]
KsponSpeech Unspecified [322]
LJSpeech Public Domain [323]
LaboroTVSpeech Custom [324]
LibriSpeech CC BY 4.0 [325]
M-AILABS Custom [326]
M2ASR Unspecified [327]–[330]
MAGICDATA CC BY-NC-ND 4.0 –
MASC CC BY 4.0 [331]
MaSS Unspecified [332]
MagicData-RAMC CC BY-NC-ND 4.0 [333]
MediaSpeech CC BY 4.0 [334]
Minds14 CC BY 4.0 [335]
MuST-C CC BY-NC-ND 4.0 [336]
Multiling. LibriSpeech CC BY 4.0 [337]
Multiling. TEDx CC BY-NC-ND 4.0 [338]
NST Danish CC0 1.0 –
NST Norwegian CC0 1.0 –
NST Swedish CC0 1.0 –
Nigerian English CC BY-SA 4.0 –
Norwegian Parl. CC0 1.0 [339]
Norwegian Parl. Speech CC0 1.0 [339]
OLKAVS Custom [340]
OpenSTT CC BY-NC 4.0 [341]
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Table 2: References and licenses for audio dataset collections presented
in this paper. Collections containing material under more than three distinct
licenses are marked as having “Various” licenses, and we refer readers to our raw
data for the full details. Datasets are sorted alphabetically for ease of dataset
lookup.

Collection Licenses Cite

People’s Speech Various [342]
QASR Unspecified [343]
RTVE Custom –
ReazonSpeech CDLA-Sharing-1.0 [344]
Regional Af. Am. Lang. CC BY-NC-SA 4.0 –
RixVox CC BY 4.0 –
SDS-200 Custom [345]
SPGISpeech Custom [346]
Samromur CC BY 4.0 [347]
Samromur Children CC BY 4.0 [348]
Samromur Milljon CC BY 4.0 –
Shrutilipi CC0 1.0 [349]
Snow Mountain CC BY-SA 4.0 [350]
Spoken Wikipedia CC BY-SA 4.0 [351]
Switchboard LDC User Agreement [352]
TED-LIUM3 CC BY-NC-ND 3.0 [353]
THCHS-30 Apache 2.0 [354]
THUYG-20 Apache 2.0 [355]
TIMIT LDC User Agreement [356]
VCTK CC BY 4.0 –
VibraVox CC BY 4.0 –
VoxPopuli CC0 1.0 [357]
Vystadial CC BY-SA 3.0 [358]
WenetSpeech CC BY 4.0 [359]
West Afr. Radio CC BY-SA 4.0 [360]
West Afr. Virt. Asst. CC BY-SA 4.0 [360]
YODAS CC BY 3.0 [361]
Zeroth-Korean CC BY 4.0 –
aidatatang CC BY-NC-ND 4.0 –
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Table 3: References and licenses for video dataset collections presented
in this paper. Collections containing material under more than three distinct
licenses are marked as having “Various” licenses, and we refer readers to our raw
data for the full details. Datasets are sorted alphabetically for ease of dataset
lookup.

Collection Licenses Cite

100DOH Custom [362]
20BN-SOMETHING Custom [363]
20BN-jester Custom [364]
50 Salads CC BY-NC-SA 4.0 [365]
ActivityNet MIT License [366]
Apes Unspecified [367]
Ava CC BY 4.0 [368], [369]
Breakfast CC BY 4.0 [370]
CDAD Unspecified [371]
COIN Custom [372]
Charades Custom [373]
Charades-Ego Custom [374]
Collective Unspecified [375]
Condensed Movies CC BY 4.0 [376]
CrossTask Unspecified [377]
Davis Custom [378]
DiDeMo BSD 2-Clause License [379]
Disney Vid. Gen. Apache 2.0 –
EEV CC BY 4.0 [380]
EPIC-KITCHENS CC BY-NC 4.0 [381]
Ego4D Custom, MIT License [382]
FERV39k CC BY-NC 4.0 [383]
FineGym CC BY-NC 4.0 [384]
FineVideo CC BY 4.0 –
HAA500 Unspecified [385]
HACS Custom [386]
HD-VILA-100M Custom [387]
HMDB CC BY 4.0 [388]
HOLLYWOOD2 Unspecified [389]
HOMAGE Unspecified [390]
HVU Custom [391]
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Table 3: References and licenses for video dataset collections presented
in this paper. Collections containing material under more than three distinct
licenses are marked as having “Various” licenses, and we refer readers to our raw
data for the full details. Datasets are sorted alphabetically for ease of dataset
lookup.

Collection Licenses Cite

Hollywood Ext. MIT License [392]
How2 Various [393]
HowTo100M Unspecified [394]
ImageNet-Vid CC BY-NC 4.0 [395]
Kinetics Unspecified [396]–[398]
LEMMA Unspecified [399]
LSMDC Custom, MIT License [400], [401]
M-MiT Unspecified [402]
MAD Custom [403]
MMAct Custom [404]
MPII Unspecified, Custom [405], [406]
MSA Unspecified [407]
MSR-VTT Unspecified [408]
MVBench MIT License [409]
Mars Unspecified [410]
Mimetics Unspecified [411]
Moments in Time Custom [412]
Movie-Net Unspecified [413]
MovieGraphs Custom [414]
MovieQA Unspecified [415]
MovieScenes Unspecified [416]
MultiTHUMOS CC BY 4.0 [417]
NTU RGB+D Custom [418]
Narrated Instr. Vid. MIT License [419]
OmniSource-Web Apache License 2.0 [420]
Oops! CC BY-NC-SA 4.0 [421]
OpenVid-1M CC-BY-4.0 [422]
PKU-MMD Unspecified [423]
Project-Aria Apache License 2.0 [424], [425]
QFVS Unspecified [426]
QuerYD Unspecified [427]
RareAct Unspecified [428]
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Table 3: References and licenses for video dataset collections presented
in this paper. Collections containing material under more than three distinct
licenses are marked as having “Various” licenses, and we refer readers to our raw
data for the full details. Datasets are sorted alphabetically for ease of dataset
lookup.

Collection Licenses Cite

SOA Unspecified [391]
ShareGPT4Video Attribution-NonCommercial

4.0 International
[429]

Spoken Moments Custom [430]
Sports-1M CC BY 3.0 [431]
StoryGraphs Unspecified [432]
SumMe Unspecified [433]
TGIF Custom [434]
THUMOS Custom [435]
TITAN Non Commercial [436]
TRECVid CC BY-NC-SA 4.0 [437]
TVSum CC BY 3.0 [438]
TinyVIRAT Unspecified [439]
Toyota Smarthome Custom [440]
UAV-Human Custom [441]
UCF101 Unspecified [442]
VIOLIN Unspecified [443]
VLOG Custom [444]
VTW Unspecified [445]
VaTeX CC BY 4.0 [446]
VidProm CC-BY-NC 4.0 [447]
VideoLT Non Commercial [448]
VideoStory Unspecified [449]
Volleyball Unspecified [450]
VoxCeleb Custom [451]
WebVid Custom [452]
YouCook Unspecified [453]
YouCook2 MIT License [454]
Youtube-8M Unspecified [455]
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